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Abstract: This paper develops a biometric gait recognition system based on 3D video
acquired by a Time-of-Flight (ToF) sensor providing depth and intensity frames. A
first step of the proposed gait analysis is the automatic extraction of the silhouette of
the person via segmentation. The segmentation of the silhouette is performed on the
depth frame which provide information which describes the distance from the camera
of every pixel in the intensity frame. The range data is sensitive to noise thus we apply
morphological filtering operations to enhance the segmented object and eliminate the
background noise. The positions of the joint angles are estimated based on the splitting
of the silhouette into several body segments, based on anatomical knowledge, and
ellipse fitting. The resulting parameters from this analysis of the silhouette are used for
feature extraction from each frame. The evolutions of these features in time are used to
characterise the gait patterns of the test subjects. Finally, we do biometric performance
evaluation for the whole system. To the best of our knowledge, this article is the first
article that introduces biometric gait recognition based on ToF Sensor.

1 Introduction

The ability to use gait for people recognition and identification has been known for a long

time. The earliest research started in the sixties of the twentieth century, where studies

from medicine [MYN09] and psychology [Joh73] proved that human gait has discrimina-

tive patterns from which individuals can be identified. It is however just in the last decade

that gait as a biometric feature has been introduced, and from a technical point of view

gait recognition can be grouped in three different classes. Machine vision (MV) which

uses video from one or more cameras, to capture gait data and video/image processing to

extract its features. Floor sensors (FS), that use sensors installed in the floor, are able to

measure gait features such as ground reaction forces and heel-to-toe ratio when a person

walks on them. The third class uses wearable sensors (WS) where the gait data is collected

using body-worn sensors.

MV based gait recognition is mainly used in surveillance and forensics applications [LSL08,

HTWM04]. In MV image processing techniques are used to extract static like stride length

which are determined by body geometry [BJ01], and dynamic features from body silhou-

ettes. The MV based gait analysis techniques can be classified as model-based [BN07] and

model free [HL10]. The main advantage of model based approaches is the direct extrac-

tion of gait signatures from model parameters, but it is computationally expensive. Model
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free techniques characterize the body motion independently from body structure. MV gait

analysis can also be categorized according to the technology used, as marker-based or

marker-less. In marker based systems specific points in the subject’s body are labelled by

markers. By tracking these points in the video sequence the body motion can be tracked

and analysed [Cut77, KN10]. MV based gait recognition provides wide range of gait

features and many works utilized different sets of features and classification techniques.

Benabdelkader et. al. [BCD02] used stride length and cadence as features extracted from

17 subjects’ silhouettes walking in outdoor environment for 30 meters in a straight line

at fixed speed to achieve EER of 11%, using linear regression for classification. Wang

et. al. [WTNH03] utilized silhouette structure evolution over time to characterize gait,

by calculating the silhouette centre and obtaining its contour they converted the 2D sil-

houette into 1D signal by calculating the distance between the centroid and every pixel on

the contour. Principal component analysis (PCA) were used for dimensionality reduction

of normalized distance signals using normalized Euclidean distance (NED) as similarity

measure and nearest neighbour classifier with respect to class exemplars (ENN) classifi-

cation approach. They achieved an EER of 20%, 13%, and 9% for 20 subjects filmed at 0,

45, and 90 degrees view respectively. The most related work to ours was done by He and

Le [HL10], in which temporal leg angles was used as gait features for 4 walking styles

slow, fast, incline and walking with a ball, on a running machine. They achieved wide

range of CCR for the different walk styles using NN and ENN classification techniques.

The best result for 9 subjects were in worst case 74,91% using NN for the shin parameters

alone in fast walk and best case 100% using NN for merging thigh the shin parameters

alone in ball walk, running the test over the whole CMU database 96.39 % was achieved

for fast walk. Jensen et. al [JPL09] used ToF camera to analyse gait, in their work step

and stride length, speead, cadence and angles of joints were extracted as extracted as gait

features. They used model fitting technique to extract the joint angles. To the best of our

knowledge, this article is the first article that introduces biometric gait recognition with

the use of ToF Sensor.

2 Experiment Design

In order to verify the usefulness of the proposed system, we performed an individual gait

identification experiment. In this section we will go through the different issues related to

our experiment.

We used the Swiss ranger SR-4000 CW10 sensor by Mesa technologies [Mes] seen in Fig-

ure 1(a). The SR4000 is an optical imaging system housed in an anodized aluminium en-

closure. The camera operates with 24 LED emitting infra-red in the 850nm range, it mod-

ulates the illumination light emitting diodes (LED) at modulation frequency of 15MHz.

Range measurements are obtained at each pixel using the phase shift principle, with non-

ambiguity range of 10 meters. The camera has USB port for data acquisition and supplied

with software library for C and Matlab.

The subject’s motion was filmed from the side by means of a ToF camera at 30 frames/sec,

while the subject was walking on a track in front of the camera as shown in Figure 1(b).
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3 Feature Extraction

The image sequences of the subjects were acquired while walking in front of the camera.

Followed by segmentation to extract the subjects body silhouette, morphological opera-

tions are applied to reduce background noise and fill holes in the extracted human silhou-

ettes. Next, each of the enhanced human silhouettes is divided into six body segments

based on human anatomical knowledge [NTT+09]. Ellipse fitting is applied to each of the

six segments, and the orientation of each of the ellipses is used to calculate the orienta-

tion of each of the lower body parts for further analysis. The following steps are hereby

described in more details:

Video segmentation is the process of partitioning a video spatially or temporally. It is

an integral part of many video analysis and coding systems, including video indexing and

retrieval, video coding, motion analysis and surveillance. In order to perform gait analysis

of a person from image sequence, the subject needs to be extracted from the background

of the video sequence. Image segmentation is used to separate foreground objects like

people, from the background of the image sequence. Thresholding is the simplest image

segmentation technique, in which each pixel of the original image is compared to a speci-

fied threshold, if the pixel’s value is greater than the threshold value it is set as foreground

pixel with value 1 if not it is set to zero as background pixel producing a binary image.

In some complex images the operation can be iterated using two thresholds, in this case

threshold works like band pass filtering. Histograms can be used to find the proper thresh-

old values [Ots79], where peaks correspond to foreground objects are used to determine

the threshold values. If the image’s histogram shows no clear peaks, then, thresholding

can not produce acceptable segmentation.

Morphological operations are shape based technique for processing of digital images

[HSZ87]. Morphological operations are used to simplify image data preserving their main

shape characteristics and eliminating irrelevant details. Morphological operations have

two inputs the original image and structuring element to be applied to the input image,

creating an output image of the same size. In a morphological operation, the value of

each pixel in the output image is based on a comparison of the corresponding pixel in the

input image with its neighbours. The shape and size of the structuring element constructs

a morphological operation that is sensitive to specific shapes in the input image. The most

basic morphological operations are dilation and erosion.

Ellipse fitting is used next to find the characteristics of the body parts. Having extracted

body silhouette, the subject body are segmented into six parts [NTT+09] as illustrated in

Figure 2. First, the centroid of the silhouette is determined by calculating its centre of

mass. The area above the centroid is considered to be made of the upper body, head, neck

and torso. The area below the centroid is considered made of the lower body, legs and

feet. Next, one third of the upper body is divided into the head and neck. The remaining

two thirds of the upper body are classified as the torso. The lower body is divided into

two portions thighs and shins. Fitting an ellipse to each of the six body parts and find-

ing their centres of mass, orientations, and major axes length we can characterize these

body parts. Evolution of these parameters in the video sequence describes the human gait

characteristics in time.
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Several performance evaluations were calculated. Table 1 shows the performance of the

first session with 30 subjects (second column) and the subset of 20 users (third column)

who also participated at the second session. The first column indicates which template

and test input were applied for performance testing. We notice that if we apply all the

four types of legs as feature vector for one subject, we obtain an better EER than when

applying them separately. This is due to the fact that more information is stored for a

given subject. Since only a subset of users participated at the second session the EER

has not changed significantly. With the performances for the second session we observe a

significant change of the performance and the reason is that the users are more used to the

walking in the second session and more comfortable with the experiment.

Template/Test 30 Participants 20 Participants - 1st 20 Participants - 2nd

Back thigh 8.42 7.48 4.72

Front thigh 7.39 6.62 6.02

Back shin 12.31 11.16 6.28

Front shin 11.32 10.24 9.41

All above 4.63 4.08 2.62

Table 1: EER Performance Results in % on the collected dataset. Second column is first session.
Last column is session session

An interesting performance analysis is to investigate the change between the two session

as can be seen in Table 2. We are analysing what will happen if we apply the first sessions

data as training set and the second sessions data as test input. What we observe here is

that the change over time becomes worse. Different shoe-type, clothes may have also an

impact, and we realized that unfortunately not all participants came back for the second

session.

Session 1 Session 2 Session 1 + Session 2

4.09 2.48 9.25

Table 2: EER Performance Results in % where session 1 as reference template and session 2 as test
input (20 users).

5 Conclusion

In this paper we presented the first known results on gait recognition using the 3D ToF Sen-

sor. When analysing the data we could already visually see that gait cycles were detectable

for each subject which are dissimilar from others’. The experiment was performed over

two different days (sessions) where each of the subjects (first session 30 subjects, second

session 20 subjects) walked a track within the camera field of view. The best equal error

rate obtained was 2.66 % for a separate session where the change over time we retrieve an

equal error rate of about 9.25 %. Although the last mentioned result is not so low, this pa-

per presents a first step towards a better performance in the future. Future work includes to

work with multiple session over multiple days, and more cycles person to see the stability

over time.
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