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Abstract— Learning object models in the wild from natural
human interactions is an essential ability for robots to per-
form general tasks. In this paper we present a robocentric
multimodal dataset addressing this key challenge. Our dataset
focuses on interactions where the user teaches new objects to the
robot in various ways. It contains synchronized recordings of
visual (3 cameras) and audio data which provide a challenging
evaluation framework for different tasks.

Additionally, we present an end-to-end system that learns
object models using object patches extracted from the recorded
natural interactions. Our proposed pipeline follows these steps:
(a) recognizing the interaction type, (b) detecting the object
that the interaction is focusing on, and (c) learning the models
from the extracted data. Our main contribution lies in the steps
towards identifying the target object patches of the images. We
demonstrate the advantages of combining language and visual
features for the interaction recognition and use multiple views
to improve the object modelling.

Our experimental results show that our dataset is challenging
due to occlusions and domain change with respect to typical
object learning frameworks. The performance of common out-
of-the-box classifiers trained on our data is low. We demonstrate
that our algorithm outperforms such baselines.

I. INTRODUCTION

One of the key challenges in service robotics is to achieve
an intuitive Human-Robot Interaction (HRI), that feels nat-
ural to the user. To achieve this, it is essential that the
robot learns models in a realistic environment adapted to
a particular domain. These models should include objects,
scenes, affordances, and capabilities which, in addition,
might change over time.

In this work we address the relevant and challenging
scenario of a robot learning new object models by interacting
with humans in a natural manner. Object models learned
from general datasets miss the subtle details of the particular
scenes the robot works in. For example a soda can from
a specific brand might look the same everywhere, but the
appearances of kitchen utensils may vary a lot. In a home
deployment scenario existing objects can be modified and
new unknown ones can appear. Finally, sensory noise, clutter,
and illumination conditions might also change within a
domain and cause standard classifiers to fail.

Our contribution along this line of research is twofold:
Firstly, we release a partially annotated dataset for object
modeling from natural human-robot interactions. Our dataset
features robocentric multimodal data from several users and
objects, which we found to be novel in this field. Secondly,
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we propose a full pipeline for acquiring object models from
the recorded data (see Fig. [I] for an overview). To our
knowledge, our proposal is the first one addressing such a
multimodal and interactive setting. Our pipeline is designed
to address the additional challenges (everyday object seg-
mentation and recognition problems) posed by this natural
HRI setup.

Our experimental results underline the challenges of the
setting we propose. We need to understand which object the
user refers to from the ones available in the scene. Therefore
we propose a way to guide different strategies for target
object segmentation thanks to a simple initial interaction
recognition. Standard object recognition classifiers trained
on state-of-the-art object recognition databases exhibit a
low performance on our dataset. However, the recognition
rate improves when these methods are trained on annotated
data from our dataset. This confirms that our data is in
a significantly different segment of the domain due to the
particularly natural setting of HRI. We evaluate our pipeline
and set an initial baseline, presenting promising results about
the use of multimodal data to enable learning from noisy
object patches.

II. RELATED WORK

There are many works in the literature in which the robot
interacts directly with the objects in a scene to learn new
models. For example, Collet et al. [3] created a 3D model
of the objects in the scene that a robotic hand has to grasp.
Kenney et al. [7] proposed to improve object segmentation
in cluttered scenarios by manipulating the objects. Addition-
ally there are multiple works which use robotic hands to
interact with objects in the scene. For example Iravani et
al. [6] proposed a system where the robot manipulates the
objects presented in front of the camera until the model is
learned. Krainin et al. [8] proposed to use a robotic hand
to grasp the object and rotate it to obtain different views.
Sinapov et al. [16] used the robotic hands to interact with
plastic jars and obtain multimodal information to learn the
content of the jars. These approaches typically need prior
information to be able to grasp the objects. Our approach
is complementary to these works and focuses on scenarios
that require human interaction, e.g. if the object is out the
robot’s reach the affordances are completely unknown or the
grasping capabilities are limited.

For any given robotic platform intended to act in the
real world it is necessary to obtain object models. In this
sense the approach of Pasquale et al. [13] is very similar
to ours. The authors created a dataset and used CNN-based
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Fig. 1: Object model learning from human-robot interaction.

In the proposed pipeline the user interacts with the robot for

it to learn new object models. We capture audio and video from this interaction. The data is processed to recognize the
interaction type which guides the segmentation of the target object patches in the images. These patches are used to learn

new object models.

features and SVM classification for visual recognition. Their
training data consists of robocentric images, where a human
presents an object in front of the iCub [11]. We improve
on these efforts by focusing our dataset and algorithm on
realistic multimodality and multiple interaction types. Where
these previous approaches solely relied on images we present
video, audio, and depth information that can be obtained with
common hardware. Furthermore, we extended the interaction
to several types which posed the additional challenge of
interaction recognition. The dataset presented in Vatakis et al.
[19] includes similar multimodal recordings, but it is focused
on the psychological reaction of the users.

There are countless datasets for object recognition, e.g.,
[10], [17] among the ones containing RGB-D images for
object recognition or [15] using only RGB images but
containing a enormous variety of objects. However, most
of these contain clean images of the objects in a studio, or
high resolution pictures of objects in the wild. Whereas such
datasets can always be used for offline learning we place our
dataset as more realistic by capturing the noise and clutter
that would be encountered in an interactive scenario.

Our work also emphasizes that the point of view is
crucial. For example, recognizing a pedestrian from a close-
up view of a service robot is very different from performing
the same task in the raw video from a distant wide-angle
surveillance camera. Datasets like [18] or [5] capture human-
robot interactions from an external point of view. In the case
of mobile robots, using the onboard sensors is more practical
than installing sensors everywhere the robot can go.

III. MULTIMODAL HUMAN-ROBOT INTERACTION
DATASET (MHRI)

Our "MHRI" dataselﬂ captures the most common natural
interactions to teach object classes to a robot, namely Point,
Show, and Speak, from a robocentric perspective. Figure [2]
shows an example for each considered interaction type
(captured from the robot frontal camera):

Point: the user points at an object on the table and
announces its name.

! Available at http://robots.unizar.es/IGLUdataset/

(a) Point

(b) Show

(c) Speak

Fig. 2: Examples from the three interaction types in MHRI
dataset. The user says, respectively, (a) “This is a box”, while
pointing at the box, (b) “This is a box”, while holding the
box, and (c) “The box is next to the chips and has a banana
on top.”

TABLE I: Summary of the dataset content

Users 10

Interaction Type 3 Point, Show, Speak

Interactions per User 30 10 of each type. 1 object per interaction.
Apple, Banana, Big Mug, Bowl, Ce-
real Box, Coke, Diet Coke, Glass, Fork,

Object Pool 22 Ketchup, Kleenex, Knife, Lemon, Lime,

Mug, Noodles, Orange, Plate, Pringles,
Spoon, Tea Box, Water Bottle

Show: the user grabs an object, moves it closer to the
robot, and utters its name.

Speak: the user describes where a certain object is in
relation to other objects.

Table [ summarizes the contents of the dataset. It contains
recordings from 10 users and each user performed 10 object
interactions of each of the 3 types (Point, Show, Speak), for
a total of 300 multimedia short clips. The aforementioned 10
objects per user were picked randomly out of a pool of 22
objects and used by that user for all their recordings. Figure 3]
illustrates the different sensor modalities of the dataset for
different users.

A. Technical Information

The dataset contains 4 synchronized streams of data: 2
RGB-D video feeds, from frontal and top point of views,
acquired with Kinect v1 sensors), 1 RGB video feed from a
1280 x 720 HD camera, and 1 audio feed captured with a
studio microphone. Table [l shows the specific data formats
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Fig. 3: Five examples (one user per column) from MHRI
dataset. Each row displays a different sensor modality. From
top to bottom: Frontal-RGB, Frontal-depth, Top-RGB, Top-
depth, HD camera, and audio.

TABLE II: Dataset format specifications

Device Data Format
RGB frames  640x480 JPEG
RGB-D F 1 & Tt
GB-D Cameras (Frontal & Top) 1y ames  640x480 PNG
HD Camera RGB frames 1280x720 JPEG
Microphone Audio file 44.1kHz Stereo WAV
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Fig. 4: Baxter robot used to acquire the dataset. The three
cameras and the microphone locations are highlighted.

available and Fig. [] shows the cameras placement in the
Baxter robot used for the acquisition. The Frontal RGB-D
camera is mounted on the robot chest to give a frontal view
of the user and the table. The Top RGB-D camera is mounted
at the highest point of the robot and has a holistic overview
of the scene.

B. Annotations

The dataset annotations include the list of the objects each
user interacted with, the first uttered word (which is either

“this”, “that” or “the”), and the label of the object in question
for each interaction. Additionally, each frame is timestamped
(using ROSE[) and labeled with the type of interaction (Point,
Show, Speak).

IV. LEARNING FROM MULTIMODAL INTERACTIONS

This section presents the proposed pipeline for object
learning by leveraging different data modalities that capture
natural interactions. Our pipeline is composed of three mod-
ules, summarized in Fig. [T}

Interaction Recognition. The extraction of candidate
object patches depends on the interaction type (Point,
Show, Speak), so an accurate identification of the inter-
action is crucial.

Target Object Detection. For each interaction type
we propose a specific algorithm to select the candidate
image patches that are likely to contain the object.
Object Model Learning. The candidate patches from
the previous step are used as training examples for
supervised learning (the class labels coming from the
users’ speech).

Our main contributions lie in the first two modules, as
once we have extracted the target object patches we can
use standard object model learning algorithms. We aim to
demonstrate the benefits of the multiple data sources and
the feasibility of learning from natural interaction. The next
subsections detail each module.

A. Multimodal Interaction Recognition

Classifying the type of interaction performed by a person
using only visual data is considerably challenging. The work
of [1] shows that the combination of language and vision
can lead to a substantial improvement. Our interaction
recognition module uses visual and language features in a
nested SVM-based classification.

Language Features: We use a simple language feature
consisting of the first word of the user’s narration. In our
dataset this word is either this or that for Point and Show
interactions or any other word for the more descriptive Speak
interaction. This feature is not discriminative enough to
separate the three interaction classes, as we show in Fig.[5] It
clearly separates Speak interactions, but cannot differentiate
between Point and Show. Separating Speak is particularly
valuable, as there are no specific visual patterns associated
with this interaction.

Visual Features: Before computing the visual features,
in order to focus on the user and table regions, we remove
the background using two strategies: a standard background
removal procedure, based on sliding-window average of all
the previous frames, and a depth map based filter, where we
remove all image pixels with a depth value over a threshold
of 1:7m (based on the distance to the user and the table).
We apply these two filters on the image and run a sliding-
window filter (window size 100x100 pixels, step of 10) over

2http://ros.org/


http://ros.org/




	Introduction
	Related work
	Multimodal Human-Robot Interaction Dataset (MHRI)
	Technical Information
	Annotations

	Learning from Multimodal Interactions
	Multimodal Interaction Recognition
	Target Object Detection
	Object Model Learning

	Experimental results
	Interaction Recognition
	Target Object Detection
	Object Model Learning

	Conclusions
	References

