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ABSTRACT
Datasets are cornerstones of research in Human-Robot Interaction
(HRI) and allow researchers to structure observations for other
peers to work on. These often store temporal sensitive information
about the behaviour of humans and robots involved in the study, and
take advantage of the state of the art in robot logging, e.g., rosbags.
Depending on the research goal, an approach commonly adopted
is to publish datasets alongside annotated semantic information
about the interaction. However, validating and assessing the quality
of the datasets has not been the main concern of the community.

This work highlights the risk of publishing datasets without
ensuring the synchronicity between objective and subjective mea-
sures and proposes a simple yet effective tool to mitigate it. The
tool is evaluated on the rosbags of a popular dataset. Results show
that 31.48% of its content contains indeterministic delays, causing
the original synchronicity with the respective annotations to be
lost.

CCS CONCEPTS
• Applied computing → Digital libraries and archives; • Gen-
eral and reference→ Reliability.
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1 INTRODUCTION
Building datasets in Human-Robot Interaction (HRI) is an impactful
way of sharing research and progress as a community. There is,
however, a lack of strict guidelines in this multidisciplinary field
when producing and publishing datasets. Great insights can come
from building datasets as collections of:

• Objective measures: These measures remain unaffected
by personal opinions and encapsulate information system-
atically recorded during interactions, such as robot logs or
sensor logs.
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Figure 1: Proposed pipeline for validating rosbags before
datasets inclusion.

• Subjective measures: These can be swayed by the personal
opinions of the rater and are frequently employed to annotate
interactions with nuanced and complex information.

When planning for the constructs of these measures, an approach
that has demonstrated its advantages is to partially overlap subjec-
tive and objective measures [4, 12, 13]. The goal is to enable peers
to exploit the produced dataset to address their own research ques-
tions while ensuring the highest possible quality. Any limitations
in the dataset could potentially impact subsequent research endeav-
ours. Additionally, sharing the data enhances reproducibility, an
often overlooked but crucial aspect of HRI. In connection with this,
consideration naturally turns to the methods used for assessing the
quality of a dataset.

When considering subjective measures like annotations, a tra-
ditional approach is to calculate the inter-rater reliability of the
annotators or coders along the data i.e. using Cohen’s kappa coeffi-
cient or Correlation measures [11]. Regarding objective measures,
little effort is invested in assessing the quality of the data, given
that its inherent quality is intricately tied to the robot employed
for its collection. Moreover, assessing the quality of an objective
measure produced by a robot is a task that requires the researcher
to manipulate robot logs in the form of binary files automatically
generated and compressed by the robot. Due to the complexity of
this task, the most common approach for including robot logs in
a dataset is to include all the files automatically generated by the
system (see current solution in Figure 1).

This approach relies on the software’s capability to detect errors,
notify the researcher and consequently stop the recording session
without creating the log file. For instance, if the hard drive on which
a robot log is about to be saved is broken or corrupted, the system
halts the recording process.

https://doi.org/10.1145/3610978.3640556
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3610978.3640556


HRI ’24 Companion, March 11–14, 2024, Boulder, CO, USA Francesco Vigni, Antonio Andriella, & Silvia Rossi

Despite this rationale, when collecting information from a real-
world system like a robot, the software and its architecture can
cause unforeseeable effects that can impact the data collection.
This concern is particularly relevant in systems lacking real-time
scheduling of processes, where internal processes can be paused
and resumed without the researcher’s control.

Furthermore, it is essential in HRI settings to ensure the align-
ment of subjective measures with objective ones. For example, an
annotator might decide that a human and a robot are engaged only
if they are both looking at each other. If this information is inaccu-
rately included in the annotations (e.g., user and robot respectively
gaze at that specific time), the reliability of the obtained dataset is
questionable.

In this work, we focus on the risk of including an objective mea-
sure in a dataset in which the internal processes are not controlled.
Additionally, we propose a simple tool to validate the quality of the
objective measures collected using rosbag - a toolkit widely used
by the community. We aim to safeguard datasets from potential
pitfalls (see proposed solution in Figure 1) in light of improving their
reliability.

2 BACKGROUND
Standardising how results are published may boost the progress
of the field [6], as more researchers worldwide seek to replicate
studies and benchmark their solutions on existing datasets ignoring
potential quality issues.

In [15], Wienke et al. proposed a framework for the acquisition
of multimodal HRI datasets. Their framework accounted for objec-
tive as well as subjective measures, however, the adoption of this
approach is limited and requires integration with the event-based
middleware named Robotics Service Bus (RSB) [16].

In [9], Lazzeri et al. developed a platform named HIPOP (Human
Interaction Pervasive Observation Platform), designed for multi-
modal acquisition. HIPOP is a flexible system comprising diverse
hardware and software components, enabling the configuration of
personalized data collection setups for studies in HRI. By employing
modules for capturing physiological signals, eye movements, video,
and audio, the platform facilitates comprehensive analysis of both
affective and behavioural aspects. Additionally, it allows for the
integration of new hardware devices into the existing setup.

A step towards dataset reliability is presented in the Vernissage
dataset [8] in which authors implement a post-processing mech-
anism to validate the synchronicity of all recorded data recorded
with an RSB system.

Despite these works attempting to standardise how datasets
are built in HRI while overcoming platform-tailored acquisition
strategies, their adoption is still limited. This result is the product of
choosing the rarely used RSB middleware while focusing on high-
level data types such as physiological signals. To counter this, we
investigate how the widely adopted middleware Robot Operating
System (ROS)1 can be used to build datasets, thanks to its own
logging mechanisms, with a focus on low-level data types that can
be recorded during an HRI.

1https://www.ros.org/

2.1 The Role of ROS
ROS is the open-source standard de facto for building robot applica-
tions and is widely adopted in both academic and industrial settings.
As of December 2023, ROS is used in at least 194 robots worldwide
[17] and by 634 active companies [14].

It is shipped in two main versions: ROS1 and ROS2. Without
delving into the technicalities of these nor their communication
protocols, for this audience, it is important to highlight that the
approach proposed in this work is particularly relevant for robots
that are shipped with ROS1.

Regarding the newest version of the middleware, ROS2, the
development is orbiting around how real-time constraints can be
achieved within known extents. Therefore, the issues discussed in
this manuscript are less relevant.

ROS comes equipped with a logging tool designed to generate
files with .bag2 extensions. These files, commonly referred to as
rosbags, are acquired by selecting pertinent ROS topics within the
system and are made of serialised message data published by these
topics. These rosbags can also be played back in ROS, allowing
researchers to include these files as objective measures of datasets.
Despite this, a typical HRI dataset also contains subjective measures
that are semantically or temporally linked to the objective ones,
however, no prior work has focused on ensuring the reliability of
these in light of the use cases offered by HRI.

3 TOWARDS RELIABLE DATASETS
Here, we first classify a taxonomy of failures when building datasets
and propose a tool that can improve the reliability of datasets based
on the time continuity constraint of the objective measures rosbags.

3.1 Failure taxonomy
Inspired by the failure taxonomy presented in [7], here, we classify
failures in datasets design as extrinsic and intrinsic (see Figure 2).

Intrinsic failures are the ones encoded by ROS and commonly
referred to as exceptions. These failures result in problems while
creating a rosbag or while performing a playback, where the file is
not properly created or cannot be properly read, respectively.

In contrast, extrinsic failures are the ones that do not result in
problems when creating the file or when performing a playback,
however, the semantics of the information associated with the ros-
bag, i.e. annotation, is compromised. For instance, when annotating
with social labels messages from a rosbag in which an unforeseeable
issue has occurred, i.e. network is overloaded, the time-dependent
annotations will be stored with an uncontrolled time shift. The
overall rationale is that when considering a reliable dataset the
semantic link must be preserved. As a result, to avoid breaking it,
hence mitigating extrinsic failures, the validation tool proposed
here aims to classify rosbags into valid and invalid, employing a
constraint on the temporal continuity of specific messages in the
rosbag. This section does not present a complete taxonomy on the
topic but drafts a simple one in light of the focus of this manuscript.

2http://wiki.ros.org/Bags
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Figure 2: Failures’ classification according to objective and
subjective measures for dataset inclusion.

3.2 A Tool for Improving Reliability
The proposed tool analyses the ROS topics that are semantically
important for the annotation phase and labels rosbags as valid only
those for which the semantic link with the respective annotation is
preserved. For example, if the annotations are obtained by the frame
sequence of a camera, this tool expects a constant delay between
each frame in order to label the related rosbag as valid.

On the other hand, a rosbag file is labelled as invalid when camera
streams exhibit indeterministic delays (random freezing of cam-
era frames) as this results in a misalignment with respect to its
annotation. In this case, the intended social meaning stored in the
subjective measures is lost, i.e., the semantic link is broken.

A reasonable metric for classifying a rosbag as either valid or
invalid is the Standard Deviation (𝑠𝑡𝑑) of consecutive ROS mes-
sages, such as camera frames. This approach allows us to evaluate
the dispersion of data around their mean, yielding 𝑠𝑡𝑑 = 0 for an
ideal system. For all other cases, 𝑠𝑡𝑑 > 0. The tool classifies as
valid rosbags those for which the 𝑠𝑡𝑑 is a reasonably small value,
while the invalid ones are those for which 𝑠𝑡𝑑 exceeded a threshold.
Notice that we do not claim that the proposed metric 𝑠𝑡𝑑 is optimal
for the task, but explore it as a first attempt to build a validation
tool. A software written in Python3.8 is publicly available3 and uses
GNU GPLv3 license with the following interface:

1 is_rosbag_valid(rosbag , topics , measure , thres) -> bool

4 A RUNNING EXAMPLE
Published in 2017, the UE-HRI dataset [2] provides the community
with roughly 400GB of data in which the robot Pepper4 was au-
tonomously programmed to conduct social interactions, and collect
data while deployed in a public hall. The bottom and front cam-
era streams are annotated according to the following labels that
encompass the social scene:

• Early sign of future engagement BreakDown (EBD) i.e. first
noticeable clue that an engagement breakdown will occur
in the remainder of the interaction.

3https://github.com/Prisca-Lab/reliable-dataset
4https://www.aldebaran.com/en/pepper

• Engagement BreakDown (BD) i.e. leaving before the end of
the interaction.

• Sign of Engagement Decrease (SED) observed during the
interaction (None of the 3 next labels).

• Temporary disengagement (TD) i.e. leaving for some time
and coming back to the interaction.

The dataset is published with rosbags (ROS1) for the objective
measures and annotated ELAN files5 for each rosbag regarding the
subjective measures.

Each ELAN file stores time windows that are associated with
the socially relevant labels mentioned above. The semantic link of
this dataset is guaranteed if the camera streams (sources for the
annotators) do not exhibit any indeterministic delays.

Hence, it is an ideal use case to evaluate the proposed tool. In
an ideal condition, where the publishing rate is perfectly constant,
frames would be periodically published at a known and fixed rate.
Despite this, given the ROS1 limitations previously introduced, we
might expect these streams not to publish frames at a constant rate.
Figure 3 shows consecutive frames with respect to the timestamp
of two different rosbags (“user104_2017-06-20” and “user106_2017-
03-08”) and includes the streams of the ROS topics used for the
annotation phase:

• /camera/front/image_raw
• /camera/bottom/image_raw

named as front and bottom in the legend of the figures. These figures
also highlight how the streams of the two analysed ROS topics are
synchronised, producing overlapping plots. Importantly, notice
the steps in Figure 3b that can explain at which timestamps the
camera streams freeze. In this case, using such a file paired with the
respective annotation results in breaking the semantic link between
the objective (rosbag) and the subjective measure (ELAN file).

With the proposed solution it is possible to label as valid rosbags,
those for which the steps are reasonably small, e.g., Figure 3a, and
as invalid those that exhibit big steps. The urgency of this tool is
manifested by the lack of strict guidelines for validating objective
measures when building a dataset and by the result of its first
evaluation on a popular dataset reported in the following section.

5 DISCUSSION
We tested the proposed tool on the rosbags of the UE-HRI dataset
[2], which is the most widely-used dataset for machine learning
in the HRI community [3, 5, 10]. We empirically set the threshold
to 0.5 and studied the frames from the streams of the cameras
front and bottom of the robot. Figure 4 summarises the standard
deviation of each rosbag. Notice that for most of the rosbags the
tool returned the metric (𝑠𝑡𝑑) very close to zero (valid rosbags). This
means that most of the content of the dataset maintains its semantic
link, in other words, the temporal association with their respective
annotation is preserved. On the contrary, 17 out of the 54 rosbags
(31.48%) register a standard deviation higher than the set threshold.
These are considered invalid rosbags, and shall not be used in pair
with the respective annotation. It is also interesting to notice that
only for a few rosbags the front and bottom camera streams show
different standard deviations. The tool explores a safety first policy,

5https://archive.mpi.nl/tla/elan
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Figure 3: Snapshots of consecutive messages vs timestamps of two rosbags published in [2].

(a) Snapshot of rosbag “user104_2017-06-20”. (b) Snapshot of rosbag “user106_2017-03-08”.

meaning even if only one of the objective measures, i.e. camera
streams of a rosbag, violates the set threshold, the whole sample
(rosbag) is marked as invalid.

Together with filtering valid from invalid rosbags, the tool also
allows us to understand how homogeneous a dataset is. For instance,
if a peer is to use a dataset and manually inspect a few rosbags, the
risk is that the randomly selected samples do not show any issues
regarding frame freezing, leading to the use of the dataset assuming
its consistency. However, if the task at hand is to train a machine-
learning model with such a dataset, the common assumption is
to have a homogeneous distribution of errors along the dataset.
Unfortunately, as shown in this section, this is a weak assumption.

We also investigated if other datasets can benefit from this tool
and concluded that in [1] and [13] the tool cannot be used since the
authors deliver the dataset in raw data. The advantages introduced
by this strategy are outmatched by the lack of standardization for
manipulating raw data. In other words, peers who use raw data are
more flexible in deciding how to process it, at the price of adopting
heterogeneous strategies across the community.

Figure 4: Validation tool report of camera streams from [2].

6 CONCLUSIONS
This contribution highlights the importance of preserving the se-
mantic link in the dataset between its objective and subjective
measures. After drafting a taxonomy for failures when building
datasets, this manuscript presents a tool that can mitigate the risk
of extrinsic failures in terms of a time continuity constraint of its
objective measures, i.e. rosbags.

Despite the preventative approach this tool aims at, here we
show its usage as a validation tool on a publicly available dataset.
A first version of the tool is implemented and evaluated on the
popular dataset UE-HRI [2], and the results highlight that 31.48%
of its rosbags are labelled as invalid. As a consequence, works that
build upon this dataset have been using a partially valid source
regarding the time synchronization between the rosbags and their
annotations.

Future works will centre on improving the tool with real-time
capabilities during rosbag recording for dataset creation. This ad-
vancement aims to empower researchers by providing immediate
feedback on the validity of a rosbag, facilitating early error detec-
tion and the implementation of effective contingency strategies.
Additionally, similarly structured datasets will be evaluated along-
side other metrics than the presented Standard Deviation. The aim
is to establish this tool as the standard method for validating robot
logs produced by the large majority of existing robots, i.e., rosbags,
to enhance the reliability of datasets in HRI.
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