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Abstract
This paper presents a visual-inertial dataset gathered in indoor and outdoor scenarios with a handheld custom
sensor rig, for over 80 min in total. The dataset contains hardware-synchronized data from a commercial stereo
camera (Bumblebee R©2), a custom stereo rig and an inertial measurement unit. The most distinctive feature of
this dataset is the strong presence of low-textured environments and scenes with dynamic illumination, which are
recurrent corner cases of visual odometry and SLAM methods. The dataset comprises 32 sequences and is provided
with ground truth poses at the beginning and the end of each of the sequences, thus allowing to measure the
accumulated drift in each case. We provide a trial evaluation of five existing state-of-the-art visual and visual-inertial
methods on a subset of the dataset. We also make available open source tools for evaluation purposes, as well as
the intrinsic and extrinsic calibration parameters of all sensors in the rig. The dataset is available for download at
http://mapir.uma.es/work/uma-visual-inertial-dataset
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1 Introduction

Visual Odometry (VO) and SLAM techniques have greatly
improved over the past years. As a consequence, state-
of-the-art methods such as ORB-SLAM (Mur-Artal et al.
2015), DSO (Engel et al. 2018) or PL-SLAM (Gomez-Ojeda
et al. 2019), for instance, achieve impressive performance
results in real-time. However, there are still open problems
that require further research before these techniques become
robust enough for long-term application (Cadena et al. 2016).

This is the case of low-textured environments and scenes
with dynamic illumination (Figure 1). The main issue with
little textured scenes is the lack of enough salient features
for reliable estimations, which can even lead to a complete
system failure (Figure 1a). On the other hand, the changing
light condition renders the visual tracking more challenging
and thus affects the quality of the estimated trajectory
(Figure 1b).

In this context, Inertial Measurement Units (IMUs) have
proven to be of valuable help to gain robustness and precision
over purely visual techniques (Leutenegger et al. 2015).
Visual-Inertial (VI) fusion requires accurate synchronization
between the sensors (Schubert et al. 2018), but such
synchronization is hard to achieve in practice. Surely, this
is one of the reasons that explains the lack of datasets for
VI-based methods. Table 1 summarizes the most relevant
datasets providing visual and inertial data. Please, note that
only four of them use hardware synchronization for data
acquisition. The PennCOSYVIO (Pfrommer et al. 2017) and
OIVIO (Kasper et al. 2019) datasets are the most similar
to ours since they also consider challenging textures and
lighting. However, the former only provides 4 sequences
(totaling 8.7 min) recorded on the same scene and under
very similar lighting conditions, while the later focuses on

onboard illumination for dark environments (mines, tunnels,
etc). Therefore, we believe that the available datasets are not
sufficient to test and validate VI odometry solutions under
realistic settings.

In this paper we contribute a visual-inertial dataset in
realistic environments with little texture and variable light
conditions. It contains over 80 min of hardware synchronized
IMU measurements and images from two stereo rigs, divided
into 32 sequences. The trajectories for all sequences form
large loops with the start, which allows to easily evaluate the
accumulated drift of VI odometry methods, as proposed in
Engel et al. (2016). Finally, we evaluated the performance of
five start-of-the-art VI and VO solutions on a subset of the
dataset: ORB SLAM2 (Mur-Artal et al. 2017), PL-SLAM
(Gomez-Ojeda et al. 2019), VINS-Mono (Qin et al. 2017),
OKVIS (Leutenegger et al. 2015) and VINS-Fusion (Qin
et al. 2019).

The rest of the paper is organised as follows. In Section 2,
we describe the sensor setup used for data collection as well
as the calibration process carried out to estimate both the
intrinsic and extrinsic parameters of the unit. In Section 3,
we provide an outline of the dataset itself, describe the loop-
closure alignment procedure used to extract the ground truth
information and explain the format in which the data is
presented. We present a trial evaluation of state-of-the-art
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