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Abstract. Scene flow represents the 3D cartesian motion of points in
the world and can be used for applications such as navigation in dy-
namic environments, human-robot interaction or non-rigid motion anal-
ysis, among others. Despite the potential benefits of event cameras for
motion estimation tasks, due to their high temporal resolution and low-
latency, not many works have yet addressed their use for scene flow
estimation. Progress may be limited by the unconventional data adding
complexity to established processing pipelines, but also due to the lack
of event camera datasets with scene flow ground truth. With the aim
of filling this gap, we present E-MOTION: a large and versatile dataset
recorded with high-resolution event cameras suitable for depth, optical
flow and scene flow estimation. E-MOTION features a number of inde-
pendent moving objects for which ground truth poses and segmentation
masks are also available. We release a total of 43 sequences with dense
ground truth maps and poses at 200 Hz. The dataset is available at:
https://emotion.hds.utc.fr/
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1 Introduction

Visual perception development for robotics is still on-going, with improvements
in accuracy, real-time operation, and operation in real-world conditions enabling
robots to complete dangerous tasks currently performed by humans, or pro-
vide care and support for a generally aging population. Perception algorithms
development is also still required to reach safety standards needed to rely on
autonomous driving and reduce the impact of motor accidents. Data has be-
come the cornerstone of modern algorithms, and real-world data is necessary to
bridge the sim-to-real gap and have autonomous systems operating in the wild.
Event cameras could be the technology to push visual systems towards higher
temporal resolution, higher accuracy, lower latency, with overall low power us-
age. However, event camera datasets are rare and with ground truth available
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only for specific tasks with respect to traditional vision datasets, owing to their
much more recent invention and entrance to the market. Generally there are
no high-resolution event camera datasets, with static scenes as well as moving
objects, with multiple forms of well calibrated ground truth, and sufficient data
for training and validation.

In this paper we introduce an event camera dataset with scene flow ground
truth, which represents the 3D motion of visible surface points [36], typically
expressed in the camera coordinate frame, and results from the composition of
measurements of scene geometry, camera motion and object motion. Reporting
scene flow ground truth allows the reporting of these components, which as shown
in Fig. 1, provide a thorough description of a dynamic scene. Additionally, scene
flow is a metric value and a physical measurement making it highly important
for autonomous agents acting in the real-world tasks, such as self-driving cars
and robots.
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Fig. 1: Example of the data in the E-MOTION dataset. Scene flow is fully represented
in 2D by depth, optical flow and axial motion maps. Axial motion is the velocity of
objects in the direction of the optical axis. The legend is applicable to all figures in
this paper.

Previous works explored scene flow estimation using LiDAR, RGB, and
RGB-D technology [39] whereas only a few works considered the use of emerg-
ing event cameras. These relatively new visual sensors [8] offer minimum latency,
very high temporal resolution, and better performance under challenging illumi-
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nation conditions, which makes them perfect candidates for motion estimation
tasks. Ieng et al. [19] proposed the only method for scene flow estimation with
a stereo event camera. The algorithm was evaluated with simple scenes that
are not publicly available. Subsequent works exploited the high temporal reso-
lution of event streams and estimated scene flow by fusing them with LiDAR
point clouds and RGB images using learning-based approaches [33,37,40]. These
learning models were trained and evaluated with synthetic data due to the lack
of real event camera datasets with scene flow ground truth. Datasets for depth
and optical flow estimation could also be used by projecting the estimated scene
flow vectors onto the image plane. However, in most of these datasets, the ground
truth is generated under the assumption of a static scenario, and therefore, the
presence of Independent Moving Objects (IMOs) is not taken into consideration
(see Table 1). IMOs are important to model as they are common occurrences in
real-world conditions to which scene flow algorithms should be robust. Moving
objects generate important motion discontinuities which might not be properly
estimated, and accounting for them leads to better trained models and more
valid algorithm estimation.

We present E-MOTION: a versatile, high-resolution dataset with a stereo-
pair of Prophesee EVK4 event cameras, and featuring IMOs. The data was
recorded in an indoor scenario composed of different objects at different depths
with some posters and calibration patterns to provide texture. The set of IMOs
comprises household objects from the popular Yale-CMU-Berkeley (YCB) Ob-
ject and Model set [3] and drones (quadrotors). The poses of the stereo setup
and the IMOs were measured with a motion capture system synchronized with
the event cameras. Together with accurate 3D models of the objects, these poses
allowed us to reconstruct the scene and generate ground truth for different tasks.
Overall, E-MOTION provides:

– The first dataset with real stereo event streams for scene flow evaluation.
– 2.2TB of data including 43 sequences with varied camera motions, velocities,

and number of IMOs.
– Events from two calibrated high-resolution event cameras synchronized in

hardware with a motion capture system.
– Spatially and temporally dense ground truth maps for depth, optical flow,

scene flow and object segmentation.
– True 6DoF poses of the cameras and all the IMOs.

This paper is organized as follows: Previous event camera datasets for sim-
ilar tasks are listed in section 2. The recording process, involved sensors and
resulting sequences are described in section 3. Section 4 addresses the sensors
synchronization and calibration. The ground truth generation process is detailed
in section 5. Lastly, we discuss the usefulness of the dataset in section 6 and finish
with a conclusion.
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2 Previous Works

Early event camera datasets provided simple sequences for general tasks [27]. As
the technology progressed, new datasets for more complex tasks were published:
human pose estimation, SLAM, segmentation, etc [1]. Nevertheless, most existing
datasets used early camera models, affected by noise and low spatial resolution,
and only a few of them provide data from current high-resolution event cameras.
In the following, we briefly survey existing datasets designed for similar tasks to
E-MOTION: depth, optical flow and scene flow estimation, 6DoF object pose
estimation, and segmentation of objects based on motion or appearance.

2.1 Datasets for Depth and Motion Estimation

MVSEC [42] was one of the first datasets for stereo vision with event cameras.
It contains sequences recorded with DAVIS 346 cameras from various platforms.
After its extension [41], ground truth depth and optical flow are available for
some of the sequences. The labels were generated by fusing LiDAR data with
accurate poses from a GPS or motion capture system. One of the main limita-
tions is that scenes are assumed to be static, resulting in errors in optical flow
maps where there are moving objects.

In a similar way, the autonomous driving dataset DSEC [10] provides ground
truth depth computed by projecting LiDAR point clouds onto the image plane.
Optical flow maps were later included by estimating camera velocity from odom-
etry data [11]. A more recent autonomous driving dataset, CoSEC [29], pro-
vides ground truth depth and optical flow for high-resolution event cameras.
In M3ED [4], depth and optical flow ground truth is also available for high-
resolution event cameras, which are mounted on various platforms operating
under challenging conditions. In these works, ground truth is also generated by
projecting LiDAR point clouds onto the image plane. Nonetheless, all previous
datasets suffer from the same problem that MVSEC: scenes are assumed to be
static, resulting in ground truth inaccuracies where cars, pedestrians and other
IMOs are located.

Wang et al. used VGA-resolution event cameras mounted on a robotic arm
to record SHEF [38], a dataset with ground truth camera poses, derived from
robot kinematics, and depth maps, generated with an accurate 3D reconstruc-
tion of the scene. In SHEF, all scenes were completely static. The EVIMO2
dataset [2] addressed the segmentation of independent moving objects also with
VGA-resolution event cameras. They generated the ground truth with accurate
3D models of household objects tracked with a motion capture system. In addi-
tion to object segmentation masks, they provided depth and optical flow ground
truth maps. In VECtor [9], depth ground truth was generated by projecting the
scene point cloud, scanned using a FARO laser, onto the camera image plane
based on the camera poses obtained with a motion capture system. The dataset
uses VGA-resolution and encompasses diverse types of motion, but only static
scenes.
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Table 1: Comparison of our work with other datasets for depth and motion estimation
with event cameras. Datasets are only considered to include IMOs when the scenario is
dynamic and the motion of moving objects is taken into account in the ground truth.
Ground truth frequency is not available for synthetic datasets since any value could be
assumed.

Dataset Camera Stereo Real Ground truth

Company Model Resolution IMOs Dense Freq.
[Hz] Dur. Depth Optical

Flow
Scene
Flow

MVSEC [42] iniVation DAVIS 346 346x260 3 3 7 7
20
100 43 min 3 3 7

DSEC [10] Prophesee Gen3 CD 640x480 3 3 7 7 20 53 min 3 3 7

SHEF [38] Prophesee Gen3 CD 640x480 3 3 7 3 125 23 min 3 7 7

VECtor [9] Prophesee Gen3 CD 640x480 3 3 7 7
10
120 21 min 3 7 7

EVIMO2 [2] Prophesee Gen3 CD 640x480 3 3 3 3 200 41 min 3 3 7Samsumg DVS-Gen3
M3ED [4] Prophesee IMX636 1280x720 3 3 7 7 10 203 min 3 3 7

CoSEC [29] Prophesee IMX636 1280x720 3 3 7 7 �20 60 min 3 3 7

EKubric [37] - ESIM [30] 960x540
7 7 3 3 NA 15K fr. 3 3 3Kubric [15] 1280x720

BlinkFlow [21] -
ESIM [30]

640x480 7 7 3 3 NA 37K fr. 7 3 7V2E [18]
DVS-Voltmeter [23]

BlinkVision [22] - DVS-Voltmeter [23] 640x480 7 7 3 3 NA 15K fr. 3 3 3

E-MOTION
(Ours) Prophesee IMX636 1280x720 3 3 3 3 200 42 min 3 3 3

EKubric [37] was the first event camera dataset with scene flow ground truth.
They use an event camera simulator [30] to generate synthetic events from high
frame-rate videos and in this way adapted FlyingThings3D [24], a well known
dataset for scene flow estimation with traditional cameras. Furthermore, they
use Kubric [15] to generate more realistic high-resolution data. In BlinkFlow [21],
more advanced event camera simulators [18, 23] were used to adapt a new high
frame-rate dataset generated with Blender. The resolution was VGA and ground
truth was provided for depth and optical flow. In a later extension, they released
BlinkVision [22], in which scene flow ground truth is also available.

As shown in Table 1, most datasets for depth and motion estimation with
event cameras disregard IMOs. Generating ground truth in the presence of IMOs
is a challenging task due to the amount of information required: geometric models
of all static and dynamic objects seen by the camera together with their trajec-
tories and velocities. That is probably the reason why EKubric and BlinkVision
– the only datasets with IMOs and scene flow ground truth – are synthetic.
Synthetic datasets have proven to be a feasible way of generating large amounts
of data to train models. Nevertheless, dealing with the sim-to-real gap requires
datasets with real data.

To the best of the authors’ knowledge, E-MOTION is the first dataset recorded
with real high-resolution event cameras, scene flow ground truth, and IMOs. We
provide high-resolution dense ground truth maps for depth, optical flow and
scene flow at 200 Hz. It is composed of 43 sequences resulting from 42 minutes
of recordings with 7 different IMOs. The sequences contain different types of
camera motion (translations, rotations and random), camera velocities (slow,
normal and fast) and number of IMOs in the scene, allowing for the scalable
development of processing methods.
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2.2 Datasets for Object Pose Estimation and Tracking

Most event camera datasets providing ground truth poses for objects did not
use high resolution, as shown in Table 2. Authors of RGB-DE [5] used DAVIS
346 cameras and got the ground truth by adjusting the 3D model of a toy
to point clouds from an RGB-D camera. The same event camera model was
used in E-POSE [17], where the ground truth was obtained from the camera
poses, mounted onboard a robot with known end-e�ector pose; and the initial
pose of the object, adjusted to a 3D reconstruction from an RGB-D camera.
Another dataset using the same resolution is EVIMO [26], in which the pose of
di�erent objects was measured with a motion capture system, allowing for the
simultaneous movement of both the camera and the objects. In a later extension,
the authors released EVIMO2 [2], with VGA resolution and stereo event streams.
High-resolution was used in YCB-Ev [31], however objects were static, placed
with known position in a global coordinate frame with respect to which they
could localize the camera. In EDOPT [14], resolution is close to VGA and ground
truth is at 500 Hz, but however, the dataset is synthetic.

We provide ground truth poses for the 7 IMOs in E-MOTION, recorded with
high-resolution event cameras. The poses are measured with a motion capture
system so that there are sequences only with object motion, with both camera
and object motion, and with multiple IMOs which generate occlusions with each
other. Furthermore, the use of a stereo camera might allow the development of
methods exploiting stereo information to improve estimations.

Table 2: Comparison of our work with other datasets for 6DoF object pose estimation
and tracking with event cameras.

Dataset
Camera

Objects Nº Obj.
Freq.
[Hz]

Dur.
[min]

Stereo Real
Company Model Resolution

RGB-DE [5] iniVation DAVIS 346 346x260 Dragon 1 30 2 7 3
YCB-Ev [31] Prophesee Gen4 CD 1280x720 YCB 21 90 7 7 3

EDOPT [14] - ESIM [30] 480x360
Dragon
YCB

5 500 7 7 7

E-POSE [17] iniVation DAVIS 346 346x260 YCB 13 100 55 7 3

EVIMO [26] iniVation DAVIS 346 346x260
Random

YCB
3 200 32 7 3

EVIMO2 [2]
Prophesee Gen 3 640x480 Random

20 200 41 3 3
Samsumg Gen 3 640x480 YCB

E-MOTION
(Ours)

Prophesee IMX636 1280x720
Drones
YCB

7 200 22 3 3

2.3 Datasets for Object Segmentation

Objects can be segmented either by their physical appearance (semantic seg-
mentation) or by their motion when these move independently (IMO segmenta-
tion). Although object segmentation is a common computer vision task, there
are not many event camera datasets providing segmentation labels for objects.
DSEC was extended to provide segmentation labels of static objects [35]. The
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(a) Sensor rig (b) Scenario (c) Scenario 3D model (d) IMOs

Fig. 2: Setup for recording the dataset.

Extreme Event Dataset [25] provides manually labeled data for sequences with
a DAVIS240B featuring multiple moving objects. The same authors continued
working on the aforementioned datasets EVIMO and EVIMO2 [26] [2], in which
segmentation masks are available for all the IMOs. Nevertheless, none of these
works used high-resolution cameras.

In E-MOTION we provide individual high-resolution segmentation masks for
all our IMOs, which could be segmented according to both their motion and their
appearance.

3 E-MOTION Dataset

The data was recorded in an indoor arena for drones, with a motion capture
system and handheld event cameras. We prepared a scenario with di�erent ob-
jects at di�erent depths, together with some posters and calibration patterns to
enrich the textures of the sequences (as shown in the picture in Fig. 2b).

3.1 Sensors

The sensors used to record the dataset are described in Table 3. Near-infrared
block �lters are required to reject the �ashing lights of the motion capture sys-
tem. The manual optics tuning and mismatch in the silicon result in slightly
di�erent bias parameters between the cameras, but they were set such that both
cameras produced an approximately similar event rate. The pose of the stereo
rig (Fig. 2a) and the IMOs is provided with millimeter accuracy by the Opti-
track motion capture system tracking re�ective markers (hereinafter referred to
as optitrack). Although the sensor rig does not include an IMU, we provide a
script to simulate IMU measurements from the optitrack poses with user-de�ned
noise parameters.

3D models of all visible objects were used to reconstruct the full scene. A
high-resolution point cloud was generated using a FARO laser scanner, with an
accuracy on the order of millimeters and a very high-resolution to densely cover
the scene, as shown in Fig. 2c. The models of the drones were obtained with
a laser scanner and the photogrammetry software Meshroom [16]. YCB objects
were also scanned as some o�cial models were not up-to-date.
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