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Abstract
Recognizing people by the way they walk – also known as gait recognition – has been studied extensively
in the recent past. Recent gait recognition methods solely focus on data extracted from an RGB video stream.
With this work, we provide a means for multimodal gait recognition, by introducing the freely available TUM
Gait from Audio, Image and Depth (GAID) database. This database simultaneously contains RGB video,
depth and audio. With 305 people in three variations, it is one of the largest to-date. To further investigate
challenges of time variation, a subset of 32 people is recorded a second time. We deﬁne standardized
experimental setups for both person identiﬁcation and for the assessment of the soft biometrics age, gender,
height, and shoe type. For all deﬁned experiments, we present several baseline results on all available
modalities. These eﬀectively demonstrate multimodal fusion being beneﬁcial to gait recognition.
Keywords: Multimodal Gait Recognition, Depth Gradient Histogram Energy Image, Acoustic Gait
Recognition

1. Introduction
Recognizing people by the way they walk has been an active ﬁeld of research in the last decade. Over
the years, it has been shown in various studies, that gait motion together with static gait posture can be
eﬃciently used to identify humans. Gait recognition has unique advantages over traditional biometrics such
as ﬁngerprint, iris, retina, DNA and face. Most notably, gait features can be obtained from people at larger
distances and at low resolution, when other features such as face are obscured. In addition, capturing gait
features is non-invasive and does not require the cooperation of the subject as it is usually necessary for
example for ﬁngerprint recognition. These properties make gait recognition an ideal biometric modality in
many applications such as intelligent video surveillance, access control, forensics, as well as in tracking and
monitoring. Furthermore, gait recognition methods can be used to estimate characteristics like gender, shoe
type, age or height of a person.
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Many recent gait recognition approaches rely solely on visual data [1, 2, 3, 4, 5, 6, 7]. A multitude of
methods and techniques in feature extraction from a visual image stream have been developed. However, due
to the recent advances in depth imaging devices, interest in depth-based gait recognition is growing [8, 9, 10].
In addition, it has been shown that gait recognition can also be performed from audio data [11]. Even though
the focus on this modality has so far been signiﬁcantly less, results are promising. The characteristics of the
sounds of walking persons are mainly dependent on the gait, shoes (and other characteristics like trousers)
and the ﬂoor type. In a user study [12], it was shown that humans are able to distinguish other people
by their walking sounds. After a training phase, twelve subjects were able to identify their co-workers by
their walking sounds with an accuracy of 66 %. This study shows that walking sounds convey characteristic
information about the walking person and can be used for person identiﬁcation as well as for soft biometrics
tasks. The ﬁeld of person identiﬁcation as well as soft biometrics based on audio features is typically referred
to as acoustic gait recognition.
In this work, we strive towards multimodal gait recognition combining information from (1) the visual
RGB image sequence, (2) the depth image sequence and (3) the four channel audio stream. In the recent
past, RGB-D sensors have received remarkable attention, paving the way for the envisioned multimodal
gait recognition. Especially the emergence of low-priced consumer depth cameras such as Kinect and Xtion
PRO have made the simultaneous acquisition of all three above mentioned modalities conveniently easy.
We present the freely available1 TUM Gait from Audio, Image and Depth (GAID) database, which to our
knowledge is the ﬁrst database which allows to simultaneously address the problem of recognizing humans
and selected traits using multiple modalities.
In addition to person identiﬁcation, gait recognition methods can also be used for soft biometrics tasks
like gender, age, height or shoe type recognition. These can all be helpful in characterizing persons, e. g. in
forensic applications. Thus, the TUM GAID database comes with a set of labels which allows to carry out
such soft biometrics recognition. Experimental setups for both person identiﬁcation and soft biometrics, as
well as baseline algorithms for both setups are presented in this article.
The remainder of this article is organized as follows: First, we present related work, especially related
gait databases in Section 3. Then, the three main contributions are presented: For the ﬁrst part, a new large
database for gait recognition featuring video, depth and audio has been recorded and is presented here in
full detail (Section 4). Second, in Section 5, a set of experiments is deﬁned for both the human identiﬁcation
task, as well as for several soft biometric tasks, i. e., gender, shoe type, age and height recognition. The third
contribution is a set of baseline algorithms including feature extraction for the visual domain (Section 6)
and the audio domain (Section 7), as well as classiﬁcation and fusion (Section 8). Comparative results for all
algorithms as well as for multimodal fusion are presented and analyzed in Section 9, followed by concluding
1 www.mmk.ei.tum.de/tumgaid
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remarks in Section 10.

2. Related Work
Major approaches for gait recognition include model-based [13, 14] and model-free (appearance-based)
methods [1, 2, 3, 4, 5, 15]. In model-based methods, a human pose model is extracted at each frame
and the underlying kinematics are used for individual identiﬁcation. While this is conceptionally solid, in
practice pose estimation proves highly diﬃcult and results show limited performance. In contrast, model-free
methods bypass the model ﬁtting and extract a variety of features directly on the input data. This way, a
correspondence of the person’s appearance to its identity is created. In most experiments so far, model-free
methods greatly outperform model-based approaches, because they prove to be more robust in practice.
Many model-free methods build on silhouette extraction for each frame in a gait cycle. Silhouettes are
either averaged, as in the prominent Gait Energy Image (GEI) [1, 4], or all silhouettes are used simultaneously
[3, 5, 16]. Diﬀerent classiﬁers ranging from nearest neighbor [1], Support Vector Machines (SVMs) [3], and
Hidden Markov Models (HMMs) [16] have been applied with similarly good results.
A majority of current model-free methods use only 2D visual data. One of the most prominent and most
widely used methods for 2D visual gait recognition is probably the silhouette averaging method as used for
example in GEI. With the availability of depth information, several new types of feature extraction have so
far emerged. For example in [8], a multi-camera system together with a structure from motion algorithm
is used to build binary 3D voxel representations of the human. The voxel set is then back-projected to the
side, front and top view, where 2D gait recognition methods are applied. In [9], the authors use a similar
voxel reconstruction and in addition they use the Kinect sensor to obtain depth data. They deﬁne the Gait
Energy Volume (GEV) as a 3D extension to the Gait Energy Image (GEI). The Depth Gradient Histogram
Energy Image (DGHEI)[10] is another successful feature extraction method, which speciﬁcally makes use of
depth information and outperforms the other baseline methods.
Several approaches have investigated the eﬀects of fusion of face and gait features, which is an important
step towards a practical wide area surveillance system. In such scenarios, faces are typically visible at
relatively low resolution and from various viewing angles. Proﬁle and side-view approaches as well as multiview approaches have been used in combination with gait recognition [7, 17, 18, 19, 20, 21]. Temporal
super-resolution [22] can be applied to enhance side-view proﬁles for better face recognition at a distance.
The database presented in this article will potentially allow for further investigation of combined face and
gait recognition, as it provides both, gait features as well as good face proﬁles.
Until now, only few works have been addressing the problem of acoustic gait recognition. In [23], the task
was to detect footstep sounds in a corpus of various diﬀerent environmental sounds. A system for person
identiﬁcation using footstep detection was introduced in [11]. Mel-cepstrum analysis, walking intervals and
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the degree of similarity of spectrum envelope are used as features and classiﬁed with a method based on kmeans clustering. The system was tested with a database of ﬁve persons. This work was extended in [24] by
adding psychoacoustic features like loudness, sharpness, ﬂuctuation strength and roughness. Finally, in [25],
Dynamic Time Warping (DTW) was used for classiﬁcation and the database was extended to contain ten
persons.
In [26], a system for person identiﬁcation based on walking sounds is presented. From the audio signal,
the gait frequency, spectral envelope, Linear Predictive Coding (LPC) coeﬃcients, Mel-frequency Cepstral
Coeﬃcients (MFCCs) and loudness are computed. A subset of the features is selected using Fisher’s linear
discriminant analysis. For classiﬁcation, k-nearest neighbours (k-NN) is compared with k-means. Using a
database with 15 individuals with six diﬀerent shoe types, classiﬁcation rates range from 33.5 % to 97.5 %.
The weakness of all previous studies about acoustic gait recognition which are described here is that
only small databases have been employed and no session variability experiments are performed. In this
contribution, we present the ﬁrst corpus for acoustic gait recognition which contains a large number of
persons and where session variability experiments can be performed.
Besides using video or audio information, other methods to identify walking persons include using acoustic
Doppler sonar [27] or pressure sensors [28].

3. Related Gait Databases
Since the ﬁeld of gait recognition has been in existence for roughly a decade, the research community
has long utilized publicly available databases for comparative performance evaluation.
Table 1 summarizes the most prominent publicly available gait recognition corpora, most of which focus
on the video modality. This table also shows the important features of the particular databases. These are
the number of subjects , as well as a good set of person variations. Such variations include, but are not
limited to: Viewing angle, clothing, shoe types, surface types, indoor/outdoor variation, carrying condition,
illumination, and time.
The ﬁrst available dataset was the 1998 UCSD Dataset [29], which contains merely six subjects. Most of
the following early gait recognition databases were published in 2001 from various institutions [30, 31, 32,
33, 34, 35]. Those datasets feature a medium number (about 25) of subjects. It was then found that, for
meaningful evaluation, datasets should contain at least 30 subjects and possibly more.
The most comprehensive database to date, which features a large set of subjects as well as a substantial
set of variations, is probably the HumanID Gait Challenge database [5].
Other databases such as CASIA (Dataset B) [36] also contain high numbers of subjects and a signiﬁcant
number of variations. CASIA additionally features an exhaustive number of views, which allows for precise
3D reconstruction.
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Database, Ref.

# subj. /

Environment

Year

Variations

outdoor,

wall

1998

-

indoor, treadmill

2001

viewpoint,

# sequ.
UCSD ID [29]

6 / 42

background
CMU Mobo [30]

25 / 600

walking speeds,

carrying conditions, surface
incline
15 / 268

outdoor

2001

time (six months), viewpoint

18 / 20

magnetic tracker

2001

time (six months)

HID-UMD Dataset 1 [32]

25 / 100

outdoor

HID-UMD Dataset 2 [33]

55 / 222

outdoor,

2001

viewpoints (front, side), time

2001

view

2001

carrying condition, clothing,

Georgia Tech [31]

top

mounted
MIT, 2001 [34]

24 / 194

indoor

SOTON Small Database

12 / –

indoor,

[35]

green

background

SOTON Large Database

115

[35]

2 128

HumanID

Gait

Chal-

lenge [5]

122

/

indoor, outdoor,

shoe, view
2001

view

2002

viewpoint,

treadmill
/

outdoor

1 870

carrying

surface,

shoe,

condition,

time

(months)
CASIA Database A [36]

20 / 240

CASIA Database B [36]

124

/

outdoor

2001

three viewpoints

indoor

2005

11 viewpoints, clothing, car-

13 640
CASIA Database C [36]

OU-ISIR A [37]

153

rying condition
/

outdoor,

night,

1 530

thermal camera

34/ 408

indoor, treadmill

2005

speed, carrying condition

2007 -

speed

2012
OU-ISIR B [37]

68/ 1 350

indoor, treadmill

2007 -

clothing

2012
OU-ISIR D [37]

185/ 370

indoor, treadmill

2007 -

gait ﬂuctuations

2012
SOTON temporal [38]

25/ 2 280

indoor

2012

time, view

TUM-IITKGP [39]

35 / 840

indoor, hallway

2010

carrying condition, occlusions

TUM GAID

305

indoor, hallway,

2012

time (months), carrying con-

3 370

/

+ depth + audio

dition, shoe variation

Table 1: Overview of related publicly available databases for gait recognition
5

The TUM GAID database presented in this article is – to the best knowledge of the authors – the
only database to date which allows for multimodal gait recognition using video, depth and audio features.
With a total of 305 subjects and 3370 sequences it is one of the largest publicly available datasets. The time
variation (where clothing, lighting, and other recording properties are signiﬁcantly diﬀerent) has proven to be
extremely challenging in the ﬁeld of gait recognition. Besides the Georgia Tech, HumanID and the SOTON
temporal database[38], the TUM GAID database is the only database to address such time variation.

4. Database Description
The central motivation behind the TUM GAID database is to foster multimodal gait recognition. To
meet this goal, data was recorded with an RGB-D sensor, as well as with a four-channel microphone array.
Thus, a typical color video stream, a depth stream and audio stream are simultaneously available.
4.1. Recording time
The TUM GAID database was recorded in two sessions in Munich, Germany. The ﬁrst session was held
in January 2012, which happened to have some of the coldest days in the year (-15◦ C). Thus, the subjects
are wearing heavy jackets and mostly winter boots. A total of 176 subjects were recorded in this session.
The second session was recorded in April 2012. Temperatures were substantially higher (+15◦ C), thus,
subjects were wearing signiﬁcantly diﬀerent clothes. In this recording, 161 subjects participated. A total of
32 subjects were recorded in both the ﬁrst and the second session, thus the database contains a total of 305
individuals. The subset of 32 subjects allows research in time and clothing invariant gait recognition.

4.2. Sensor
For the recording, the Microsoft Kinect sensor [40] was used. This sensor provides a video stream, a
depth stream and four-channel audio. Both video and depth are recorded at a resolution of 640 × 480 pixels
at a frame rate of approximately 30 fps (slightly varying). The depth resolution is on the order of 1 cm.
For depth acquisition, the sensor sends beams of infrared light and infers the depth from reﬂections on the
objects. Therefore, placing the sensor outside is not possible, since infrared light from the sun can interfere
with the depth sensor. According to the manufacturer, the optimal distance between the subject and the
camera should be between 1.8 m and 3.6 m [40]. The four-channel audio is sampled with 24 bit at 16 kHz.
The four microphones are spread horizontally at equal distances along the sensor.
4.3. Recording site
In order to simultaneously allow for video, depth and audio recording, a compromise in terms of location
and the recording site had to be found. Ideally, for gait recognition, a larger distance of the subjects to the
6
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Figure 1: Schematic of the recording site. (a) side view and (b) top-down view.

sensor is favorable, because it allows to capture multiple gait cycles in the ﬁeld of view. A larger distance
would also better resemble a wide area surveillance scenario, which is one of the primary applications
for gait recognition. This, however, is in contrast to the technical restrictions of the sensor which allows a
maximum of 3.6 m distance and favors an indoor environment. Also, for audio-based gait recognition a quiet
environment and a good surface are preferred (when no additional enhancement methods are applied) to
make the footsteps audible at high quality. These recording conditions, while mainly necessary for technical
reasons, still closely relate to practical application scenarios such as access control in a narrow corridor.
To comply with the above requirements, a 3.5 m wide hallway corridor at the TUM university campus
in downtown Munich was chosen as the recording site. Figure 1 illustrates the setup. The hallway has a
constant background and a solid surface for good audio quality. The sensor was placed at 1.9 m height and
is facing downwards at an angle of roughly 13◦ . The subjects are walking perpendicular to the line of sight
at a distance of roughly 3 m close to the opposite wall. Thus, the subjects cover a distance of roughly 4 m
when walking through the ﬁeld of view. With the visible walking distance of roughly 4 m, typically each
person makes between 1.5 and 2.5 gait cycles in each recorded sequence. The sequences each have a length
of approximately 2 – 3 s.
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(a) N

(b) B

(c) S

(d) TN

(e) TB

(f) TS

Figure 2: Thumbnails of three male (top rows) and three female (bottom rows) participants in six variations:
a) normal (N), b) backpack (B), c) coating shoes (S), d) time (TN), e) time + backpack (TB), f) time +
coating shoes (TS).
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4.4. Recording procedure
For recording, people walking in the hallway were randomly chosen and asked for their willingness to
participate. Two markers were placed on the ﬂoor roughly one meter to the left and to the right of the ﬁeld
of view, respectively. Participating subjects were then asked to start at the left marker and walk to the right
marker, then turn around (outside the ﬁeld of view) and come back. This way, both sides of the person
were recorded (essentially a 180◦ change in view angle). Placing the markers one meter to the left and the
right of the visible area has proven to be a suﬃcient distance to allow for the participants to accelerate to
a stable walking speed.
In order to allow for some kind of diversiﬁcation in the video and depth stream as well as in the audio
stream, we deﬁned the following three variations:
• Normal walking (N1 – N6): People were asked to walk the distance a total of six times (three times
to the right and three times back to the left) in a normal way.
• Backpack variation (B1 – B2): Carrying a backpack (of approximately 5 kg), people were asked to
walk once to the right and once back to the left. The backpack constitutes a signiﬁcant variation in
visual appearance, as well as in gait pattern and sound.
• Shoes variation (S1 – S2): Coating shoes (as used in clean rooms for hygiene conditions) were put on
the test subjects’ shoes. This variation poses a considerable change in acoustic condition.
In summary, ten sequences were recorded for each of the 305 persons: Six normal walking (N1-N6), two
backpack variation (B1 – B2) and two shoe variation (S1 – S2). Furthermore, the 32 people who participated
in both recordings underwent ten additional recordings, namely TN1 – TN6, TB1 – TB2, TS1 – TS2. Figure 2
depicts images for three male and three female participants in all six conﬁgurations. It can be seen that the
time variation shows signiﬁcant changes in clothing, shoes and hair style.
After the recording, participants were asked to sign a consent form to allow for research usage of their
recordings.
The data was ﬁrst captured within a raw .oni container (which is the raw format in the OpenNI framework2 ). In a pre-processing step, video frames were extracted frame-by-frame as jpeg images and depth
data was extracted in a raw 16 bit binary format. The audio is captured in uncompressed (4-channel) wav
format using 24 bit quantization at 16 kHz.
4.5. Metadata and database statistics
For each subject, the following metadata was recorded: (1) gender, (2) age, (3) height and (4) shoe type.
The distribution of the metadata is shown in Figure 3. Of the 305 participating subjects, 186 (61 %) are
2 http://openni.org
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Figure 3: Distribution of the subject metadata: gender (a), shoe type (b), age (c) and height (d)

male and 119 (39 %) are female. Ages of participants range from 18 to 55 years with an average of 24.8 years
and a standard deviation of 6.3 years. The person height ranges from 152 cm to 195 cm with an average
of 175.5 cm and a standard deviation of 9.5 cm. For shoe type, ﬁve classes of shoes were deﬁned to classify
the observed types : sneakers (56 %), high-boots (19 %), top-boots (12 %), loafers (9 %) and others (4 %)
including sandals, ballerina and rubber boots.

5. Experiment Description
In order to facilitate and unify the evaluation process, we propose a set of experiments on the TUM
GAID database. These experiments are meant to address a variety of challenges and will provide the basis
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for competitive performance comparison of various algorithms. In order to deﬁne development data and
prevent overﬁtting on the test data, the database (with 305 subjects) is divided into a training, validation
and test set, which contain 100, 50 and 155 individuals, respectively. Each of these three subsets is roughly
balanced in the available metadata. That means that each set contains roughly the same ratio of male/female,
and similar distributions for age, height and shoe type. The data is used slightly diﬀerently for identiﬁcation
and soft biometrics experiments. Table 2 illustrates the setup for identiﬁcation experiments and Table 3 for
soft biometrics experiments.
5.1. Exp. I: Identiﬁcation
For identiﬁcation experiments, the training (100 subjects) and the validation set (50 subjects) are combined and together form the development set for person identiﬁcation. This leaves a development set of
150 subjects and a test set of 155 subjects. Of the 32 persons who took part in both recording sessions,
16 are contained in the development set and 16 in the test set. The development set may be used for
model building and for learning of covariates, as well as for parameter tuning. In the baseline experiments
presented in Section 9.1, this data is only used for parameter tuning. Having such a dedicated development
set (which is often ignored in previous gait recognition setups) is of central importance for building robust
covariate-invariant recognition systems.
Final recognition experiments are carried out solely on the test set. Consequently, all results reported in
this article are based on the test set. As depicted in Table 2, the test set is utilized as follows to get gallery
and probe samples: The recordings N1, N2, N3, N4 are used as the gallery samples (for enrollment) and
the recordings N5, N6, B1, B2, S1, S2 are used as probe data, separated in three experiments, namely the
N (‘normal walking’), B (‘backpack variation’) and S (‘shoes variation’) experiments.
In order to test the identiﬁcation system for variances in appearance and background, a separate experiment is performed using only those persons who participated in both recording sessions. In these
experiments, the enrollment (gallery) recordings (N1 – N4) are taken from the ﬁrst recording session (the
same 155 subjects as for experiment N, B, S), while the recordings from the second session (TN1 – TN6,
TB1 – TB2, TS1 – TS2) are used for the identiﬁcation experiments. In the experimental section, these
experiments are denoted as TN, TB and TS. Note that
5.2. Exp. II: Soft Biometrics
Here, the term soft biometrics encompasses classiﬁcation of gender, shoe type, height and age. For gender
and shoe type, the task is a classiﬁcation problem with a ﬁxed number of classes (two for gender and ﬁve
for shoe type), while height and age recognition are handled as a regression problem. For these experiments
the test set is used to report results, while the training and validation sets are used for model creation and
system optimization. The diﬀerent subsets are person-disjunct, to perform person-independent experiments.
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Table 2: Setup of the database for identiﬁcation

Table 3: Setup of the database for soft biometrics

experiments

experiments

As shown in Table 3, for training, only the N recordings are used, while three validation and three test
experiments are performed each using the N, B and S recordings. For validation experiments, training is
done on the training set, while parameter tuning is done using the validation set. When performing test
experiments, the training and validation set are merged to provide more data for model building.

6. Feature Extraction on RGB-D Data
To demonstrate the use of both visual and depth information, we applied the following algorithms to
show baseline results on the newly created database: (1) The Gait Energy Image (GEI), (2) Gait Energy
Image on Depth Data (depth-GEI), (3) Gait Energy Volume (GEV) and (4) Depth Gradient Histogram
Energy Image (DGHEI). As depicted in Figure 4, only the standard GEI takes data from the RGB channel,
while the other three methods extract features solely on the depth channel. The ﬁnal features are visualized
in Figure 5.
6.1. Gait Energy Image
The idea of Gait Energy Image (GEI) [1] is simple, yet has proven highly eﬃcient. Assuming that all
gait information is captured in a full gait cycle, the information of each frame within this gait cycle is
averaged. This averaging seemingly discards information; however, assuming that the noise in each frame
is independent, averaging removes a substantial part of the degradation.
The simplest feature (which is assumed to capture the gait information) is the silhouette. Thus, for
GEI, in a ﬁrst step, binary silhouettes are extracted at each frame, for example using Gaussian mixture
12

 









 








  

 






Figure 4: Feature extraction: The GEI is calculated using GMM background modeling on the RGB stream.
Depth-GEI, DGHEI and GEV are extracted on the depth data.

(a) GEI

(b) depth-GEI

(c) GEV

(d) DGHEI

Figure 5: Visual representation of the four used feature extraction techniques: a) GEI, b) depth-GEI, c)
GEV, d) DGHEI. (All features are for the person in the top row of Figure 2)
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models (GMMs) [41]. After processing with morphologic operations, the person is tracked by ﬁnding the
largest blob. This found blob is extracted from the binary image and is resized (to 128 × 88 pixels in our
experiments), such that all blobs in a sequence have the same size. In addition, the blobs are horizontally
aligned by centering the blob around the center of the upper half of the blob. Thus, the horizontal position
is normalized such that the torso in each frame is roughly at the same location.
Finally, the aligned silhouettes St (x, y) are averaged over a gait cycle of T frames yielding the Gait
Energy Image GEI(x, y):

T
1
St (x, y).
T t=1

GEI(x, y) =

(1)

Extracting the GEI assumes on the one hand that the binary silhouettes actually capture the gait
information, and second that errors in silhouette extraction result from independent noise at each frame.
However, in practice the silhouette extraction is performed using background modeling methods which are
run on the color images. Due to diﬃculties in the segmentation process, silhouettes can be of quite low
quality and do not reliably capture the boundary of the subject. In addition, errors often result from local
similarities of the person to the background. In these regions, the error is not independent at each frame.
6.2. Gait Energy Image on Depth Data
To overcome the limitations of GEI as explained above, depth information can be used instead of color
information to obtain binary silhouettes St (x, y). With depth information, the object can be reliably segmented from the background. Here, the background model is deﬁned by the depth values of the empty
scene. Since the depth-distance between object and background is relatively large, a large margin exists and
simple thresholding of the depth diﬀerence results in good segmentation. With this modiﬁed extraction of
silhouettes, the depth-GEI results from silhouette averaging analogously to Equation (1). The depth data
used for silhouette extraction as explained above may be noisy and can contain (small) holes and missing
data. Several methods, e. g. based on inpainting [42] or based on ﬁlter techniques [43] can be used to eﬃciently ﬁll the holes. However, due to the temporal averaging in the GEI concept, such small degradations
have little eﬀect on the ﬁnal features. As can be seen in Figure 5, the quality of the resulting depth-GEI is
superior to that of the traditional GEI.
6.3. Gait Energy Volume
The Gait Energy Volume (GEV), as presented in [9], is the three dimensional extension of the Gait
Energy Image. Instead of averaging binary 2D silhouettes, in GEV, 3D binary voxel volumes are averaged:

GEV (x, y, z) =

T
1
Vt (x, y, z).
T t=1

14

(2)

The binary voxel representations Vt (x, y, z) is the volume of voxels, which are behind the surface reconstruction obtained using the depth channel.
The voxel data has to be carefully aligned (similarly to GEI) for a meaningful representation. It is
important to note that, in the orginal publication [9], depth data from the frontal view is used, while in the
TUM GAID database, proﬁle side views are used.
6.4. Depth Gradient Histogram Energy Images
The Depth Gradient Histogram Energy Image (DGHEI) was ﬁrst introduced in [10]. The noise reducing
property of GEI by averaging feature vectors of each frame within a full gait cycle has proven highly eﬃcient.
The DGHEI also makes use of this concept. It is interesting to note that, in the standard GEI, all information
is reduced to binary silhouettes. With the newly available depth information, the edges and depth gradients
within the person’s silhouettes can also be used. In order to capture all gradients and edges in a robust
and eﬃcient manner, we propose the use of histogram binning. This idea is motivated by the concept of
‘histograms of oriented gradients’ (HOG) as they are frequently used for object detection [44].
Extraction of DGHEI therefore in a ﬁrst step consists of calculation histograms of oriented gradients at
each frame t. While HOG uses grayscale images, DGHEI uses depth data. To this end, magnitude r and
orientation θ of the gradient of the depth data D are computed in a ﬁrst step:

r(x, y) =
u(x, y)2 + v(x, y)2
θ(x, y)

=

atan2(v(x, y), u(x, y)) + π

(3)
(4)

with u(x, y) = D(x − 1, y) − D(x + 1, y) and v(x, y) = D(x, y − 1) − D(x, y + 1). Then, gradient orientations
at each pixel are discretized into nine orientations:



9 · θ(x, y)
θ̂(x, y) =
2π


(5)

These discretized gradient orientations θ are weighted by r and then aggregated into a dense grid of nonoverlapping square image regions, the so called ‘cells’ (each containing typically 8 × 8 pixels). Each of these
cells is thus represented by a 9-bin histogram of oriented gradients. Finally, each cell is normalized four
times (by blocks of four surrounding cells each) leading to 9 · 4 = 36 values for each cell.
Next, following the averaging concept of GEI, the calculated gradient histograms are ﬁnally averaged
over a full gait cycle consisting of T frames and result in the DGHEI:
H(i, j, f ) =

T
1
ht (i, j, f )
T t=1

(6)

Here, i and j are pointing to the histogram cell h at position (i, j) and f = {1 . . . 36} is the index to the
histogram bin. Each gait cycle is ﬁnally represented by a multidimensional feature vector H(i, j, f ).
In summary, DGHEI can be considered an extension to GEI which uses depth information instead of
purely silhouette boundaries.
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7. Feature Extraction on Audio Data
The Kinect sensor provides audio signals with four audio channels recorded with a sampling rate of
16 kHz. Before the feature extraction step, the recordings are converted to mono by averaging over the four
individual channels. In order to provide a ﬁrst well reproducible and transparent baseline system, we use a
brute-force large-scale feature extraction approach, employing our open-source toolkit openSMILE [45].
The employed audio feature set is based on the baseline audio features we had provided for the Audio/Visual Emotion Challenge 2011 (AVEC 2011) [46] and contains a number of energy and spectral features. Compared to the AVEC 2011 feature set, the voicing related features were omitted. The employed
features are supra-segmental features. This means that the acoustic descriptor signals such as energy and
spectral entropy (which are sampled at a ﬁxed rate) are summarized over a recording (of variable length)
into a single feature vector of constant length. This is achieved by applying statistical functionals to the
acoustic low-level descriptors (LLD). Thereby, each functional maps each LLD signal into a single value for
the given segment. Examples for functionals are mean, standard deviation, higher order statistical moments,
quartiles, etc. The set of LLDs and the functionals are listed in Tables 4 and 5, respectively. All LLDs are
computed every 10 ms, where a window size of 60 ms is applied for the MFCCs and loudness features while
all other features are computed based on windows with a length of 25 ms. Features which have been analyzed
in previous studies on acoustic gait recognition [24, 25] such as the loudness, psychoacoustic sharpness or
Mel-Frequency Cepstral Coeﬃcients (MFCCs) are included in our feature set, which provides a substantial
number of further acoustic feature information. For each LLD, ﬁrst order delta coeﬃcients (equivalent to
the ﬁrst derivative) are computed. The ﬁnal feature set is then made up of 25 LLDs × 42 functionals and
25 delta coeﬃcients × 23 functionals, summing up to 1 625 features in total per recording.
Energy & spectral acoustic features (25)
loudness (auditory model based),
zero crossing rate,
energy in bands from 250 Hz – 650 Hz, 1 kHz – 4 kHz,
25 %, 50 %, 75 %, and 90 % spectral roll-oﬀ points,
spectral ﬂux, entropy, variance, skewness, kurtosis,
psychoacoustic sharpness, harmonicity,
MFCCs 1 – 10

Table 4: 25 energy and spectral-related acoustic low-level descriptors
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Statistical functionals (23)
(positive2 ) arithmetic mean, root quadratic mean,
standard deviation, ﬂatness, skewness, kurtosis,
quartiles, inter-quartile ranges,
1 %, 99 % percentile, percentile range 1 %-99 %,
percentage of frames contour is above: minimum + 25 %, 50 %, and 90 % of the range,
percentage of frames contour is rising,
maximum, mean, minimum segment length, standard deviation of segment length
Regression functionals1 (4)
linear regression slope, and corresponding approximation error (linear),
quadratic regression coeﬃcient a, and approximation error (linear)
Local minima/maxima related functionals1 (9)
mean and standard deviation of rising and falling slopes (minimum to maximum),
mean and standard deviation of inter maxima distances,
amplitude mean of maxima, amplitude mean of minima, amplitude range of maxima
Other1 (6)
Linear Predictive Coding gain/coeﬃcients 1 – 5

Table 5: Set of all 42 functionals used for audio feature extraction. 1 Not applied to delta coeﬃcient contours. 2 For
delta coeﬃcients, the mean of only positive values is applied, otherwise the arithmetic mean is applied.

8. Learning algorithms
Diﬀerent learning algorithms are used for identiﬁcation experiments and soft biometrics experiments. In
this section we present the applied methods. We also explain the score level fusion applied for multi-modal
fusion in case of identiﬁcation experiments.
8.1. Exp. I: Identiﬁcation
For person identiﬁcation using RGB-D data, we apply Principal Component Analysis (PCA) followed
by Linear Discriminant Analysis (LDA). While PCA seeks a projection that best represents the data in
the direction of the highest covariance, LDA seeks a projection that best separates the data according to
the class aﬃliation. The number of PCA components is set to the number of classes (thus 155 for test
experiments). Final person identiﬁcation is done using a 1-nearest neighbor classiﬁer with a cosine distance
measure. This combination of dimension reduction and classiﬁer has proven highly eﬀective [1] for problems
with small amount of training data, such as it is typical for gait recognition.
When using audio features for person identiﬁcation, SVMs with a linear Kernel function are applied.
Sequential minimal optimization (SMO) (complexity 1.0) is used for training.
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Fusion of video, depth and audio features is carried out on the score level. The best depth method (i. e.,
DGHEI) is fused with the video method (GEI) and with audio. Scores for video and depth are normalized
from the cosine distance output. Normalized scores for audio are obtained from the pairwise voting of the
multiclass SVM. For score level fusion, sum, product, max and min rules were applied, with the sum rule
giving the best results. In addition, weighting of audio, depth and video scores led to further improvement.
On the development set, it was found that weighting depth scores by a factor of two and weighting audio
features with a factor of one half gave the best results.
8.2. Exp. II: Soft Biometrics
For the gender and shoe type classiﬁcation experiments, both for audio video and depth features, SVMs
are applied with the same settings as for the identiﬁcation experiments. Two fusion strategies are tested for
shoe type classiﬁcation: Feature level fusion, where features of both modalities are combined before being
fed to the classiﬁer, and score-level fusion, where the output scores of the SVMs are combined additively
(i. e. sum rule).
For video and audio features, the regression problems of age and height are addressed with unpruned
REPTrees (25 cycles) with Random Subspace meta-learning, as implemented in the WEKA toolkit [47, 48].
Parameters are optimized using the validation set and led to the following values: A subspace size of 1 %
of the features is used for age regression, while for height regression, 1 % is employed for the audio features
and 5 % for the video features. For height regression, 500 iterations were employed and for age regression,
500 iterations for the video features and 200 iterations for the audio features.

9. Results
For all experiments, results are reported separately for the three diﬀerent recording conditions (N: normal,
B: backpack, S: coating shoes). As a measure, average identiﬁcation accuracy (in percent) is used in the
person identiﬁcation experiments. This corresponds to the rank 1 identiﬁcation rate. In addition we report
rank 5 identiﬁcation rate, which is the rate of correctly found subjects within the top 5 retrieved results.
For gender and shoe type classiﬁcation, unweighted and weighted average recall (UAR/WAR) in percent
are reported. WAR thereby resembles accuracy. UAR is the sum of recalls divided by the number of classes.
As such, it can be more informative in case of class-imbalance as typically given in person trait assessment.
In particular, the chance level is intuitive: 50 % UAR in the (two-class) case of gender assessment and 20 %
UAR in the (ﬁve-class) case of shoe types. When doing age and height estimation, the cross correlation
(CC), which is equal to the pearson correlation coeﬃcient and mean absolute error (MAE) are reported.
These measure follow the standard set by AVEC [46].
For identiﬁcation as well as for soft biometrics experiments, all reported signiﬁcance comparisons have
been obtained using a one-sided z-test.
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9.1. Exp. I: Identiﬁcation
Test set results: Person identiﬁcation
N

B

S

TN

TB

TS

Ø

GEI

99.4

27.1

52.6

44

6

9

56.0

depth-GEI

96.8

3.9

88.7

28

0

22

58.8

GEV

94.2

13.9

87.7

41

0

31

61.4

DGHEI

99.0

40.3

96.1

50

0

44

74.1

Audio

44.5

27.4

4.8

3

0

3

23.4

Fusion (DGHEI + GEI)

99.4

51.3

94.8

66

3

50

77.9

Fusion (Audio + GEI)

99.4

45.2

44.2

41

6

9

58.8

Fusion (Audio + DGHEI)

99.0

52.3

95.5

50

0

47

77.6

Fusion (Audio + DGHEI + GEI)

99.4

59.4

94.5

66

3

50

80.2

N

B

S

TN

TB

TS

Ø

100.0

55.8

69.0

66

31

44

72.3

depth-GEI

99.0

16.8

96.5

50

9

41

67.3

GEV

98.1

37.7

95.5

59

9

50

73.6

100.0

73.2

99.4

69

16

75

87.3

70.3

44.2

11.0

3

6

12

38.6

Fusion (DGHEI + GEI)

100.0

80.3

99.0

81

28

72

90.1

Fusion (Audio + GEI)

100.0

68.4

70.0

66

31

41

76.3

Fusion (Audio + DGHEI)

100.0

79.0

99.4

69

16

75

89.1

Fusion (Audio + DGHEI + GEI)

100.0

84.8

99.0

81

28

72

91.4

Rank 1

Rank 5
GEI

DGHEI
Audio

Table 6: Rank 1 and rank 5 identiﬁcation rates in percent for person identiﬁcation for six diﬀerent recording
variations and their weighted average (Ø): normal (N), backpack (B), coating shoes (S), time (TN), time +
backpack (TB), time + coating shoes (TS). In the N, B and S experiments, for each of 155 individuals, two
recordings are evaluated while the TN, TB and TS sets each contain 16 persons with two recordings. For
all experiments, the same gallery set with 155 classes is used. Thus, the chance level for all experiments is
0.6 %. Results are shown for video-based (GEI), depth-based (depth-GEI, GEV, DGHEI) and audio-based
features as well as for four score-level fusion schemes.
Results for person identiﬁcation are shown in Table 6. As described in Section 5.1, experiments are
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carried out on the test set containing 155 subjects. Person IDs are trained on the gallery set (i. e. recording
N1 – N4), containing 155 × 4 samples. The experiments N, B, S each contain 155 × 2 test samples. Of
the 155 subjects, 16 have the additional time covariate, thus for the TN, TB, TS experiments, 16 × 2 test
samples are available. For all six experiments, recognition is equivalent to a 155-class classiﬁcation task.
Thus, the chance level for all six experiments is 0.6 %.
First, we compare the results of the vision-based feature GEI and the three depth-based methods depthGEI, GEV and DGHEI. With 99.4 %, the best results can be achieved for the normal setup (N) and using
the vision-based Gait Energy Image (GEI). Thus, GEI performs best in cases of no change in appearance,
while the depth-based methods reach lightly inferior results in the N setup with 94.2 % - 99.0 %.
The setup with the backpack (B) represents a signiﬁcant degradation for the visual appearance (due to
the strong change in silhouette shape) and consequently observed results are substantially lower than in
the N and S setups. Out of the presented algorithms, DGHEI achieves the best accuracy of 40.3 %. The
DGHEI seems to have the best generalization capability, which allows handling such signiﬁcant changes in
visual appearance. This degradation with the backpack becomes even more evident in the TB setup, where
recognition rates drop to zero. In the other time setups TN and TS, creditable results can be achieved,
given the diﬃculty of these experimental setups.
The Gait Energy Image (GEI) is based on the color video stream and uses a foreground/backgound
segmentation technique, which can be erroneous. One hypothesis was that depth-GEI which uses the
depth channel and has visually much better silhouettes would outperform the traditional GEI. Looking at
the results, this is only true in the shoe setups S and TS. Similar results can be reported for the Gait
Energy Volume which outperforms traditional GEI mainly in the shoe setups. Overall, the Depth Gradient
Histogram Energy Image (DGHEI) gives the best average performance results, signiﬁcantly better than
GEI, depth-GEI and GEV (at a 0.001 level). DGHEI performs worse than GEI in setup N and TB, which,
however, is not signiﬁcant even at a 0.05 level. The used gradient histogram representation thus seems
to able to reliably handle variations such as backpack, coating shoes and time. Similar tendencies can be
observed in rank 5 recognition results.
Interesting results can be obtained in case of multimodal fusion. For this, score level fusion as detailed
in Section 8.1 is applied. We combine GEI from the color video channel with our best depth-based method,
namely DGHEI. Table 6 shows that this fusion takes the best out of the two modalities. In diﬃcult set-ups
such as the backpack scenario, fusion can exceed a mere 27.1 % for GEI and 40.3 % for DGHEI in case of
single modality and reaches up to 51.3 %. When fusion methods within the same modality are considered,
for example GEV and DGHEI, no such improvements can be observed. This shows the signiﬁcance of using
separate modalities in the fusion process.
As expected, recognizing humans by acoustic features turns out to be much more challenging than with
visual features. Nevertheless, the results show that it is in fact possible to recognize people by their acoustic
20

walking characteristics, achieving 44.5 % accuracy in the N setup. The backpack naturally poses the least
downgrade to acoustic gait recognition, while coating shoes completely degrade recognition results. In the
time setups TN, TB, TS, where acoustics are signiﬁcantly diﬀerent than in the gallery set, audio-based
gait recognition does not work with the proposed baseline algorithm, which does not contain any session
variability handling.
However, audio-based gait recognition has potential to improve vision-based algorithms, especially in
those variations in which vision-based methods struggle. This can be seen in case of fusion of audio with
vision-based features (GEI). In setup (B), a 27.1 % recognition rate in GEI combined with 27.4 % in audio
leads to 45.2 % in case of fusion. Signiﬁcant fusion gain can be observed in case of fusing audio and depthbased features (DGHEI). Here, in case of the backpack setup (B), fusion of multiple modalities gives a
relative performance gain of 29.8 % (from 40.3 % to 52.3 %; signiﬁcant at a 0.002 level), while fusion does
not decrease recognition rates in other setups (except setups S, which is not signiﬁcant). Thus, when
considering the weighted average score, a performance gain from 74.1 % to 77.6 % (signiﬁcant at the 0.05
level) can be observed.
Finally, experimental results for multimodal fusion across audio, video (GEI) and the best depth-based
feature (DGHEI) have been calculated. While for most categories, the recognition results stay the same with
this fusion scheme, fusion can help in the case of challenging categories such as in case of backpack variation.
While the best single modality reaches a mere 40.3 % recognition rate for setup B, fusion can lift recognition
rates to 59.4 % (signiﬁcant improvement at a 0.001 level). Thus, all modalities show contribution, which
demonstrates the eﬀectiveness of simultaneously using multiple modalities.
It is important to note that, in all our person identiﬁcation experiments, we only make use of the 155
persons of the test set (as detailed in Section 5.1). Here, learning of person identities is solely done on
the gallery samples, which only contain normal walking. Consequently recognition rates plummet in case
of variations such as backpack and shoes. It can therefore be assumed that recognition rates could greatly
beneﬁt from separately learning the covariates (backpack, coating shoes, time) on the other 150 people in
the development set, which is in principle possible using the presented database.
9.2. Exp. II: Soft Biometrics
Table 7 shows results for soft biometrics experiments on the test set. In gender recognition, with our
video features, the best result in UAR is 95.6 % in the N setup. Results for the S setup are only slightly
worse while the B setup leads to a substantial drop in performance. Using audio features, all setups lead to
a UAR slightly above 60%, which is always signiﬁcantly (at least at the 0.05 level) worse then the results
obtained with video and depth features. Note that feature-level fusion did not lead to an improvement in
gender recognition accuracy owing to the large discrepancy between the performance of the modalities and
therefore, the results are not displayed here.
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Test set results: Soft biometrics
N

a) Gender

B

S

%

UAR

WAR

UAR

WAR

UAR

WAR

DGHEI

95.6

95.8

66.4

74.8

90.9

92.9

Audio

61.0

61.3

60.3

62.9

63.2

65.2

N

b) Shoe type

B

S

%

UAR

WAR

UAR

WAR

UAR

WAR

DGHEI

33.7

60.4

30.6

31.6

26.8

48.7

Audio

30.9

53.9

27.9

52.3

31.3

41.3

Fusion (feature level)

31.7

60.4

29.9

42.3

26.6

52.3

Fusion (score level)

31.4

63.4

30.9

56.8

29.0

52.3

N

c) Age

B

S

–/years

CC

MAE

CC

MAE

CC

MAE

DGHEI

.41

3.27

.33

4.73

.43

3.35

Audio

.09

3.52

-.01

3.58

-.05

4.32

N

d) Height

B

S

–/cm

CC

MAE

CC

MAE

CC

MAE

Silhouette height

.73

4.66

.74

4.56

.72

4.70

DGHEI

.77

5.30

.74

6.11

.74

5.55

Audio

.36

7.83

.31

7.87

.16

8.37

Table 7: Results for soft biometrics experiments on the test set (155 subjects) for three diﬀerent recording
variations: normal (N) with six recordings per person, backpack (B) with two recordings and coating shoes
(S) with two recordings. For gender and shoe type classiﬁcation, unweighted and weighted average recall
(UAR/WAR) in percent are reported. For age and height estimation, cross correlation (CC) and mean
absolute error (MAE) in years and cm, respectively, are given. To assess the MAE with respect to the
database distribution, note that, in the test set the mean absolute deviation is 3.3 years for age and 8.1 cm
for height. Thus, regression results are only slightly better than guessing.

Shoe type recognition rates are around 30 % UAR and likewise signiﬁcantly above chance level, both with
video or audio features. Audio features are better for the B setup. Here, WAR is signiﬁcantly better (at
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the 0.001 level) for audio. Video features are in general better for the N and S setup. Since both modalities
achieve similar recognition rates, fusion is applied. For UAR, no signiﬁcant improvement can be achieved,
while for WAR, score-level fusion improves the results of all three setups. Note that UAR and WAR results
diverge strongly for shoe type recognition. This is because of the unbalanced distribution of diﬀerent shoe
types in the database. A balancing strategy was implemented in order to rectify this imbalance. Thereby, the
training data of shoe types with smaller amounts of data are upsampled in order to have a roughly uniform
distribution over diﬀerent shoe types. However, no signiﬁcant improvement in UAR could be achieved. One
reason could be that there are just not enough training data of the smaller classes to create a well generalized
classiﬁer. The results shown here are based on experiments without this balancing strategy.
Using audio data, no signiﬁcant results are achieved for age estimation. While at ﬁrst sight, the resulting
MAE for age estimation appears very promising (e. g. compared to [49]), it should be kept in mind that
most of the subjects in the database are between 20 and 30 years old. The mean absolute age deviation in
the test set is only 3.3 years. Therefore, the resulting MAE needs to be evaluated in this context.
Both for young and old subjects, the algorithm mostly predicts ages between 23 and 27 years. Therefore,
the MAE is close to the mean absolute age deviation in the test set. This leads to the conclusion that the
extracted audio features are uncorrelated with the age of the persons.
Intuitively, older subjects should produce signiﬁcantly diﬀerent sounds of footsteps as compared to
younger subjects, due to diﬀerent pace, for example. However, the features used in this study are not
customized for this task and are thus not robust enough to estimate the age correctly. Additionally, the bias
in age in the database (only a small portion of older subjects) makes it diﬃcult for the learning algorithm
to learn the sounds of these subjects.
With depth-based features, correlation coeﬃcients around 0.4 are achieved in the age estimation task.
The predicted ages cover a broader range and ages of older subjects are estimated better. Therefore, a better
correlation coeﬃcient is achieved as compared to the audio features. However, for some younger persons,
a higher age is predicted, which especially in the B experiment leads to a high MAE. Due to the age bias
in the database, the MAE is not better than the mean absolute deviation. Using features which are more
suited for the task of age estimation should lead to better results.
For height estimation, better results are obtained: With depth-based features (DGHEI), correlation
coeﬃcients above 0.7 are achieved with the best MAE being as low as 5.30 cm for the N setup. As an
additional baseline, height estimation from silhouette height is presented. Support Vector Regression is
used on the average pixel height over a sequence to estimate the height. This simple approach outperforms
regression from the height-normalized DGHEI. On the test set, the mean absolute height deviation is 8.1 cm,
which reveals the potential of height regression. For audio data, reasonable results are achieved at least in
the N and B setup.
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10. Outlook and Conclusion
In this article we have contributed to the ﬁeld of identiﬁcation of humans by the way they walk (i. e.
gait recognition) in three ways:
(1) We have presented the TUM GAID database, which comprises data of 305 subjects, in various
covariates. Most of all, this database is the ﬁrst to simultaneously contain RGB data, depth data, as well
as audio data. The database is publicly and freely available3 and is meant to foster research in multimodal
gait recognition.
(2) Our second contribution is a precise deﬁnition of experimental setups. We deﬁne classical human
identiﬁcation experiments with gallery and probe sets. As opposed to previous experiment deﬁnitions, we
split the whole database roughly into two halves leaving the ﬁrst half for development and tuning approaches.
This is contrary to previous databases, where tuning and development always had to be carried out directly
on the test data. In this way, overﬁtting and optimization on the test set is prevented. Besides the human
identiﬁcation experiments, we also precisely deﬁned experiments for soft biometrics. Here, the ﬁrst half
of the data is further split into a training and validation set, which can be used to tune soft biometrics
algorithms. Metadata for gender, shoe type, age and height is provided which makes gait-based recognition
and regression on these characteristics possible. While the metadata is roughly balanced and thus allows
for good analysis, further recordings (e. g. of older subjects) could make the data even better suited for
soft-biometrics in a wider range.
(3) Finally, we presented several baseline algorithms and according results for reference both for the
human identiﬁcation task as well as for the soft biometrics tasks. All modalities, that is RGB data, depth
data and audio data, could successfully be applied. In general, vision-based and depth-based approaches
outperformed the audio-based approaches. Using only a single modality, it can be seen that depth – and
especially depth gradient histograms – lead to superior results. This shows the value of depth information
for person identiﬁcation. However, the results also show that recognizing subjects as well as soft biometrics
recognition is very well possible with audio features. Fusion of visual and audio features partially resulted
in additional performance gains, especially in setups, where vision features show low performance (e. g.
backpack variation). However, also fusion of vision-based and depth-based features led to improvement.
The overall best results were obtained in case of fusing all three modalities, i. e. vision, depth and audio.
This shows that fusing data captured with diﬀerent sensors can be highly beneﬁcial. In future work, more
sophisticated fusion schemes may possess the potential to even further leverage to beneﬁts of multimodal
fusion.
Overall, the aim of the presented article is to encourage further research in multimodal gait recognition,
as well as in fusion of those modalities. The presented experimental setups are meant to be used in the same
3 www.mmk.ei.tum.de/tumgaid
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way by all researchers using the database to allow for competitive performance analysis. Even though the
baseline algorithms shown in this work show creditable results, there is much room for improvement. For
the identiﬁcation experiments, model building was done employing only the test set while the develeopment
set was used solely for parameter tuning. Future work can make extensive use of the provided development
data for model building or learning of background models. This also includes the possibility of speciﬁcally
learning the time covariate, which was not possible with the setups used with earlier databases. Due to
the fact that faces are captured at a relatively high resolution, the database can potentially be used for
combined analysis of face and gait recognition, which is a highly relevant direction of research that has only
received limited attention in the past. Our current baseline approaches use separate methods for video and
audio. Future work will investigate combined audio-visual gait models which will tie the modalities closer
together. In our experiments, using depth data led to the best results. With the provided database, future
work can further analyse depth as a modality and the relatively young ﬁeld of depth-based gait recognition
can be brought forward.
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