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Audio-Visual Classi�cation and Detection of
Human Manipulation Actions

Alessandro Pieropan Giampiero Salvi Karl Pauwels Hedvig Kjellström

Abstract— Humans are able to merge information from
multiple perceptional modalities and formulate a coherent
representation of the world. Our thesis is that robots need to do
the same in order to operate robustly and autonomously in an
unstructured environment. It has also been shown in several
�elds that multiple sources of information can complement
each other, overcoming the limitations of a single perceptual
modality. Hence, in this paper we introduce a data set of actions
that includes both visual data (RGB-D video and 6DOF object
pose estimation) and acoustic data. We also propose a method
for recognizing and segmenting actions from continuous audio-
visual data. The proposed method is employed for extensive
evaluation of the descriptive power of the two modalities, and
we discuss how they can be used jointly to infer a coherent
interpretation of the recorded action.

I. INTRODUCTION

There has been tremendous effort in the robotics com-
munity to develop robots able to operate autonomously in
unstructured environments. Robots should be able to perceive
the world correctly, detect objects, observe and interact with
humans, perform activities and understand if the desired
outcome has been achieved [1].

Much effort has been spent on development of methods for
visual perception and modeling of scenes. Many successful
solutions have been proposed, considering various visual
aspects such as object appearance, motion, human pose and
affordances. Nevertheless, the use of visual features has some
limitations. Firstly, an action has to be performed within
the �eld of view of the observer in order to be perceived.
Secondly, object detection and tracking are very sensitive
to occlusions while performing activities. Finally, there are
meaningful states induced by an action that are hard to detect
just relying on visual perception, it is, e.g., very dif�cult to
detect if a person has turned on an oven.

One approach to tackle these limitation is to use additional
sources of information, e.g., audio. While this �eld was in
the past more focused on solving problems such as source
localization and noise �ltering, lately, the focus is more on
exploiting sound to extract semantic knowledge and perform
scene understanding [2]. In many contexts, such information
is very descriptive and can be helpful to understand a
scene. Potentially it could compensate the limitations of
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(a) RGB-D video (b) Audio

Fig. 1. An RGB-D video modality and an audio modality give comple-
mentary information about an observed human action. This is a motivation
of why to use a recognition method that takes both modalities into account.

visual perception (Fig. 2). However, an important question
arises: how can different modalities contribute to formulate
a coherent interpretation of the world an agent is observing,
in a manner similar to how humans process and integrate
multiple modalities [3]? Multimodality has up to now re-
ceived relatively little focus in the robotics community, with
some exceptions, e.g., [4], and the task of audio-visual action
recognition has not, to our knowledge, been addressed in
robotics.

The main contribution of this paper is amethod for audio-
visual recognition of human manipulation actions. The visual
features (Section VI-A) are the relative 3D orientations and
positions of objects involved in the activity, while the audio
is represented in terms of MFCC features [5] (Section VI-
B). Objects are tracked in 3D from an RGB-D video stream
using the method in [6] (Section IV). The audio and video
cues are fused in an HMM framework (Section V).

An additional contribution of the paper is anRGB-D-audio
dataset of humans involved in the activity of making milk
and cereals(Section III). This composite activity consists
of many sub-actions such as opening and closing boxes
and bottles, and pouring milk and cereal. The recognition
method described above was evaluated on this dataset (Sec-
tion VII). The dataset is annotated with manually extracted
segmentation points between sub-actions, and 3D positions
and orientations of objects, obtained as described above. It
also features 3D models of all objects involved. We release
source code for administration of and access to the dataset.

II. RELATED WORK

Modeling and recognition of human activity from visual
perception is an important problem tackled by the computer
vision community, with applications in a wide variety of
domains including health monitoring, visual surveillance,
video search, human computer interaction and robot learning



from demonstration. It has been shown [7]–[15] that it is
advantageous to represent human activity both in terms
of human motion and the objects involved in the activity.
Several approaches are widely used to tackle this problem.
[16], [17] estimate the human body pose to recognize human
activities. [18] estimates human motion trajectories to infer
activities. [19] recognizes actions in videos by extracting low
level spatio-temporal feature descriptors.

However in the context of robot learning from demon-
stration it is meaningful to focus the attention on descriptive
features that encodes how objects are being used by a human
[20], [21] to achieve a task. It is then possible that the
robot can imitate the human and operate autonomously to
accomplish given tasks. This has been con�rmed in recent
works [22]–[27] and it is supported by Gibson's affordance
theory [28], which states that humans and animals recognize
objects in terms of function, in a task oriented manner.

[29], [30] present a global representation of activities in
terms of spatial relations between objects. The recognition
of activities is determined on a set of pre-de�ned symbols
which describe the relationships between segmented coherent
regions. In our previous work we have show that is also
possible to describe object functionality in terms of how they
are being handled by a human [31]. Moreover, [23] simulates
humans performing activities using objects and cluster them
into functional classes. In [22], [32], [33], real humans are
instead observed in interaction with a scene.

Visual perception supply part of the information to in-
terpret the world. Much can be done from the auditory
perspective. In [34] learning object affordances was extended
to auditory perception. However, the acoustic information
was in the form of linguistic descriptions of the scene. In this
work, on the contrary, we use the sound generated directly by
the interaction between objects as a result of human actions.
This is similar to what has been done in [35]. However
what we propose here is to go one step further, we want to
evaluate different sources of information in order to �nd the
limitations and see how they can be jointly used to overcome
such limitations. This is in the spirit with a similar work
[4] where language has been exploited to perform action
recognition. in order and tackle the same problem but at
a higher level using information or features coming from
different perceptual input.

Most of the cited works tackles what is known in neu-
roscience as the binding problem [36], our brain formulate
a coherent interpretation of the world from complex input
merging multiple sources of information. Such a skill should
be taken into account to develop autonomous robots.

III. D ATASET

The data set we have collected includes observations of
eight subjects ful�lling the task of making cereals. The
actors are not instructed on how to perform the action
and, therefore, there is substantial variation in the way they
perform it. However, the action can generally be decomposed
into 6 different sub-actions: open milk box, pour milk, close
milk box, open cereal box, pour cereals and close cereal

box. The variability can be observed in the order these sub
actions are performed, the distribution of workload between
left and right hand, the position of the objects, and so forth.
Since the actors perform the action in a natural way the
transitions between sub-actions are smooth, some sub actions
can be performed in parallel and some may be missing (e.g.
sometimes subjects leave the cereal box open at the end of
the action.). In details the data set includes:

� calibrated RGB-D video recorded using a Kinect device
with 30 Hz framerate and a resolution of 640x480. The
time stamp of each frame has been saved so that it is
possible to align audio and video correctly.

� 4 separate audio tracks using the Kinect microphone
array sampled at 16 kHz with 32 bits depth.

� 25 3D object models, built from real images, saved
in a standard format (.obj). The objects used in the
experiments are 4 milk boxes, 2 cereal boxes and 5
cups. We release all objects as they can be used for
other purposes such as grasp planning.

� object 6DOF pose trajectories for each recording.
� manual labels for each sequence including 6 different

sub actions:Open Milk Box,Pour Milk,Close Milk Box,
Open Cereal Box, Pour Cereals, Close Cereal Box. The
labels are provided as a standard subtitle �le for videos
(.ass).

� python scripts to read the data, synchronized the sources
and parse the labels are provided.

(a) Solid Models (b) Textures

Fig. 3. Samples of objects used in the dataset. (a) shows the 3D solid
models of the objects, (b) shows the models rendered with textures.

IV. POSEESTIMATION

To estimate the objects' location and orientation over time
we used a real-time method that relies on sparse keypoints
for pose detection and dense motion and depth information
for pose tracking [6]. This method can simultaneously track
the pose of hundreds of arbitrarily-shaped rigid objects at 40
frames per second, with high accuracy and robustness. This
is enabled through a tight integration of visual simulation and
visual perception that relies heavily on Graphical Processing
Units. A detailed 3D scene representation, consisting of the
textured wireframe models from Fig.1, is constantly updated
on the basis of the observed visual cues. Self-occlusions and
occlusions between modeled objects are handled implicitly
by rendering the scene through OpenGL. Pose detection runs
in parallel with pose tracking, allowing for automatic pose
initialization and recovery when tracking is lost.



Fig. 2. Overview of the dataset. Activities are performed by different actors in a natural manner.

V. M ODEL

Given a continuous data input recorded while performing
an action (making cereals), our goal consists in recognizing
the ongoing sub-actions and detecting them in the continuous
stream of data. This is similar in a way to what is done in
speech recognition to classify words and phrases, where our
words are the sub-actions and a complete action corresponds
to a phrase. Therefore we propose to model the recognition
of each single sub action included in our data set using a
left-to-right Hidden Markov Model (HMM) with continuous
observation densities, which is a widely used method in
speech recognition. Given the set of sub-actionsL an instance
of the lef-to-right model properly trained on a sub-action is
then used to predict the correct labell 2 1; � � � ;L, where l
are the labels present in the data set plus the labelgarbage
used to collect uninformative parts. We describe the proposed
model in the following Sec. V-A.

A. Recognition of isolated actions

Given an atomic actionl 2 1; � � � ;L, a left-to-right HMM
model l (l ) = ( Al ;Bl ;pl ) is created, whereAl is the state
transition model,Bl the state to observation model andpl
the state prior.

The model parameters are initialized in the following way:
the state priorpl (i) is set 1 for the �rst state (i=1) and 0
otherwise. The transition matrix is initialized in such a way
that from each state only two transitions are possible and
equally likely: the self transition and the transition to the
next state as in Eq. (1):

Al (i; j) =

(
0:5; if j = i or j = i + 1;
0; otherwise:

(1)

The observations are treated as a continuous observation
density represented by a Gaussian Mixture as in the follow-
ing equation:

Bl ( j;O) =
M

å
m= 1

ci j N(O;mjm;Sjm) ; 1 � j � N (2)

Given such a model denoted asl l = ( Al ;Bl ;pl ) is then pos-
sible to calculate the probabilityP(Ojl l ) of a new sequence
of observationsO = f O1 � � � Otg by means of the forward
algorithm. The best class given the observations is then:

L(O) = argmaxP(Ojl l );1 < l < L: (3)

B. Continuous action recognition

The modeling described in the previous section requires
that the segmentation be available for the sub-actions to
be recognized. This is not a valid assumption in a realistic
scenario. We, therefore, introduce in this section a combined
model that can be used for continuous action recognition and
does not rely on sub-action pre-segmentation. The combined
model is obtained by connecting the �nal state of each
isolated model to the initial state of any other including itself.
This so calledfree loophas been used in similar works done
in gesture recognition (e.g. [37]), and is illustrated in Fig V-
B. This allows to model any sequence of sub actions which
may occur in our data.
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