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Abstract

Mobile robots are reaching unprecedented speeds, with
platforms like Unitree B2, and Fraunhofer O%dyn achieving
maximum speeds between 5 and 10 m/s. However, effec-
tively utilizing such speeds remains a challenge due to the
limitations of RGB cameras, which suffer from motion blur
and fail to provide real-time responsiveness. Event cam-
eras, with their asynchronous operation, and low-latency
sensing, offer a promising alternative for high-speed robotic
perception. In this work, we introduce MTevent, a dataset
designed for 6D pose estimation and moving object detec-
tion in highly dynamic environments with large detection
distances. Our setup consists of a stereo-event camera and
an RGB camera, capturing 75 scenes, each on average 16
seconds, and featuring 16 unique objects under challenging
conditions such as extreme viewing angles, varying light-
ing, and occlusions. MTevent is the first dataset to com-
bine high-speed motion, long-range perception, and real-
world object interactions, making it a valuable resource for
advancing event-based vision in robotics. To establish a
baseline, we evaluate the task of 6D pose estimation us-
ing NVIDIA’s FoundationPose on RGB images, achieving
an Average Recall of 0.22 with ground-truth masks, high-
lighting the limitations of RGB-based approaches in such
dynamic settings. With MTevent, we provide a novel re-
source to improve perception models and foster further re-
search in high-speed robotic vision. The dataset is available
for download' along with the toolkit *

1. Introduction

The achievable top speeds of mobile robots have signifi-
cantly increased, reaching up to 10 m/s. Deploying high-
speed robots in dynamic environments where humans and
other moving objects are present requires rapid reaction
times and seamless obstacle avoidance. Fig. | illustrates the

“Equal contribution.
Thuggingface.co/datasets/anas-gouda/MTevent
*github.com/shrutarv/MTevent_toolkit
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Figure 1. Mobile robot navigation speeds are continuously in-
creasing. This figure shows O3dyn [27], an open-source outdoor
robot platform capable of reaching speeds of up to 10 m/s. While
the locomotion hardware supports these speeds, high-speed per-
ception remains a bottleneck. Event cameras enable such robots
to detect moving objects while navigating at high speeds. Addi-
tionally, 6D pose estimation with event cameras allows robots to
execute grasps more quickly, improving overall efficiency in dy-
namic environments.

O3dyn robot manually driven at high speed, highlighting the
need for perception tasks to be performed at a higher speed
than what is currently achievable. Traditional RGB cam-
eras, widely used in robotic perception, present a bottle-
neck in these high-speed scenarios. Motion blur, caused by
rapid movements and mechanical vibrations, degrades im-
age quality and impairs object detection. Moreover, RGB
cameras operate at a fixed frame rate, limiting their abil-
ity to capture fast, transient events. These limitations are
further exacerbated in poor lighting conditions or high dy-
namic range environments, making it challenging to reli-
ably track moving objects [5, 28].

Event cameras offer a promising alternative to traditional
RGB cameras by asynchronously capturing pixel intensity
changes, providing low latency and robustness to motion


https://huggingface.co/datasets/anas-gouda/MTevent
https://github.com/shrutarv/MTevent_toolkit

Table 1. Comparison of event camera datasets captured in indoor environments. MTevent records scenes with varying degrees of freedom
and features objects larger than typical household items, ranging in size from 19 x 42 x 32 cmto 80 x 120 x 14 cm.

Independently

Distance

Dataset Environment Moving Objects (IMO) IMO Pose to Objects Ground Truth
M3ED][2] Indoor + Outdoor Pedestrians, Cars v Large Lidar + RTK
EVIMO2[1] Indoor Household Objects v Small MoCAP
EDAT?24([3] Indoor Small Manufacturing Objects N/A Small N/A

DSEC [9] Indoor + Outdoor Pedestrians, Cars v Large RTK GPS + LIDAR
EED [18] Indoor UAVs X N/A Manual

E-Pose [11] Indoor Objects are Static v Small ZED Mini Camera
MTevent (ours) Indoor 16 Objects (Fig. 3) v Varying MoCap

blur. While high-speed RGB cameras can partially mit-
igate motion blur, they tend to struggle in low-light and
high dynamic range environments. A common workaround
is to process every n' frame from high-speed RGB cam-
eras. However, this approach has two major limitations: (1)
the scene can change significantly between frames, which
is problematic for tasks like tracking, and (2) the model’s
inference time must be extremely low to keep up with the
frame rate—often leading to overly lightweight models that
fail to learn meaningful representations. As a result, this
strategy is not a generalizable solution. In contrast, the abil-
ity of event cameras to capture fine-grained motion with
minimal latency makes them especially suitable for high-
speed robotics, enabling reliable perception in challenging
scenarios.

A critical aspect of robotic perception is 6D pose esti-
mation and moving object detection. 6D pose estimation
targets rigid objects, typically those with a known 3D mesh
model, and is widely used for tasks like robotic manipula-
tion and grasping. Moving object detection, in contrast, fo-
cuses on identifying any objects in motion—whether rigid
or non-rigid—by estimating their 3D bounding boxes. In
the context of our work, this refers to detecting all dynamic
entities in the scene, which is crucial for enabling respon-
sive and robust perception in highly dynamic environments.

While some event camera datasets provide ground truth
for 6D pose and 3D bounding boxes of independently mov-
ing objects, they are mostly limited to household items or
a few specific categories, such as humans [1, 8, 14, 19]. In
contrast, our dataset includes larger objects, long-range de-
tection, occlusions, extreme viewing angles, varying light-
ing conditions, and diverse movement speeds for both the
camera and the objects. Additionally, the dataset supports
multiple tasks, including 6D pose estimation of static and
moving rigid objects, 2D motion segmentation, 3D bound-
ing box detection of moving objects, optical flow estima-
tion, and object tracking. This versatility makes the dataset
well-suited for advancing dynamic scene understanding
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with event cameras.

The remainder of this paper is structured as follows:
Section 2 reviews existing datasets and related approaches.
Section 3 describes the dataset collection process and an-
notation methodology. Section 4 presents the evaluation re-
sults and discusses performance limitations. Finally, Sec-
tion 5 summarizes the conclusions and outlines directions
for future research.

2. Related Work

Recent years have seen a substantial increase in event cam-
era datasets, particularly for automotive [9, 20, 29] and
robotics applications [1, 19]. This growth has enabled
the deployment of larger and more advanced deep learn-
ing models, including transformers, driving significant ad-
vancements in event-based perception accuracy.
Automotive event camera datasets typically employ
multi-sensor setups to ensure accurate depth estimation of
objects. The MVSEC dataset [29] integrates stereo event
cameras mounted on a car, motorbike, hexacopter, and
handheld setup, fusing the data with LiDAR, IMUs, mo-
tion capture, and GPS to provide ground truth pose and
depth images. The 1 Megapixel Automotive Detection
Dataset [21], recorded outdoors, offers 2D bounding boxes
for cars, pedestrians, and two-wheelers. Similarly, the
M3ED dataset [2] utilizes two Prophesee EVK4 cameras
alongside LiDAR, GPS, RGB, and stereo grayscale cam-
eras. It provides ground truth poses using LiDAR and sup-
ports the generation of 3D instance labels for pedestrians,
buildings, and cars. M3ED is designed for tasks such as op-
tical flow estimation, independently moving object (IMO)
segmentation, ego-motion estimation, disparity estimation,
and semantic understanding. Notably, it includes indoor
recordings where humans serve as IMOs, with a primary
focus on ego-motion estimation and navigation. The TUM-
VIE dataset provides ground truth annotations via motion
capture (MoCap) for sequences recorded with handheld and



head-mounted sensors [14]. It captures humans walking,
running, and performing sports in diverse indoor and out-
door environments under varying lighting conditions.

Beyond the automotive industry, several datasets have
been published for robotic applications. The EV-IMO
dataset captures fast-moving objects and rapid camera mo-
tion in an indoor environment, providing accurate depth and
pixel-wise object masks [19]. It utilizes a DAVIS cam-
era, a VICON motion capture system, and a 3D scanner
for recording and ground truth annotations. The dataset
includes 32 min of data with ground truth annotations at
40 FPS. EVIMO?2, an extension of EVIMO, includes up-
graded event and RGB cameras and features over 20 real-
world objects [1]. The dataset primarily consists of small
household items such as toy blocks, remote-controlled cars,
checkerboards, and small drones, offering extensive data for
training large CNNs and transformers. However, its focus
on small objects limits its applicability to mobile robotics,
where objects are typically larger, require unconventional
handling, or are not manipulated by robotic arms.

The E-Pose dataset provides 6D poses for 18 objects
from the YCB dataset [11]. It uses an event camera and
a ZED Mini camera mounted on a moving robotic arm,
while the objects remain static. Leung et al. employ a
setup with two DAVIS cameras and an RGB-D camera
mounted on a TurtleBot, alongside a VICON motion cap-
ture system for object tracking [15]. Their dataset was
recorded in an indoor laboratory setting using three Turtle-
Bots, which also served as independently moving objects
(IMOs). Duarte and Neto published a dataset tailored for
manufacturing tasks such as picking, placing, screwing, and
idling [3]. Their setup keeps the DAVIS camera fixed at a
specific point during recording. The THU-50 dataset fo-
cuses on human action recognition, providing ground truth
annotations using a motion capture system [7]. Similarly,
the N-EPIC-Kitchens dataset, an extension of the EPIC-
Kitchens dataset, is designed for human action recogni-
tion involving kitchen objects [8]. The VECtor dataset tar-
gets SLAM and captures indoor scenes using a multi-sensor
setup [6]; however, it does not include moving objects.
Tab. | provides a comparative overview of these datasets
alongside ours.

6D pose estimation using event cameras remains an un-
derexplored research area. Ebmer et al. use active LED
markers on objects to estimate their poses [4]. Li et al. track
object poses by leveraging both event and RGB data [16]. In
contrast, the line-based object pose estimation and tracking
framework [17] relies solely on event data for pose estima-
tion. Their method is tested with a static camera positioned
at a fixed distance while the object is moved. EDOPT in-
troduces a real-time algorithm for 6D pose estimation using
event data, evaluating its performance by moving household
objects in front of a moving camera [10].
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Figure 2. The camera system used for dataset recording, with the
RGB camera at the center and the two event cameras positioned
on either side. Six retroreflective markers are attached for precise
motion capture.

Existing event camera datasets for robotics, recorded in
indoor environments, employ various methods to estimate
the depth of independently moving objects (IMOs) and seg-
ment them from the static background. However, they pri-
marily feature small household or manufacturing-related
objects. The MTevent dataset addresses these limitations
by introducing larger objects and capturing challenging sce-
narios, including long-range detection, extreme viewing an-
gles, and occlusions. Additionally, our dataset features a
cluttered background composed of shelves, robots, win-
dows, logistics objects, and tables, further enhancing its
complexity. The distance between the camera and objects is
significantly greater than in comparable datasets [1, 3, 19].
While MTevent is primarily designed for robotics applica-
tions, it is also valuable for other domains.

3. Data Collection and Annotation

This section presents the sensor setup used to record the
dataset, followed by a description of the objects and record-
ing environment. Finally, we detail the recorded scenes and
the annotation process.

3.1. Sensor Setup

Our dataset is recorded using a stereo setup of DVXplorer
event cameras (640 x 480 px) and a single IDS uEye RGB
camera, forming a three-camera system. Two different RGB
cameras are used across recordings: one with a resolu-
tion of 2048 x 1536 px operating at 25 FPS, and another
with a resolution of 1456 x 1088 px operating at 100 FPS.
Only one RGB camera is used at a time, depending on the
recording setup. RGB cameras operating around 25 FPS
are widely used in practical applications, making them a
suitable choice for a fair comparison with event cameras.
However, as shown in Fig. 7, cameras with lower temporal
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Figure 3. The MTevent dataset objects. The first row presents four industrial objects, including a Euro pallet, three different small load
carrier, and a suitcase. The second and third rows feature household objects.

resolution (25 FPS in our case) result in less accurate an-
notations for RGB images, particularly in scenes with fast
movements, where motion blur and frame gaps limit precise
object annotation. The 100 FPS RGB camera, in contrast,
provides higher temporal resolution, leading to improved
annotation accuracy. The three cameras are mounted in a
horizontally aligned configuration, with the event cameras
positioned on either side of the RGB camera (Fig. 2) to
maximize field-of-view overlap and improve extrinsic cali-
bration. The baseline between the event cameras is 10.2 cm
and they are hardware synchronized. The setup is mounted
on a tripod with wheels. Our lab features a Vicon MoCap
system, capturing at 200 FPS, for precise object tracking.
Retroreflective markers attached to the camera system en-
sure seamless MoCap tracking. The intrinsic and extrin-
sic calibration of the three cameras is performed using the
e2vid [23] and Kalibr toolboxes [24].

3.2. Dataset Subjects

Our dataset focuses on objects larger than the ones from
the current available datasets, including various-sized load
carriers, a Euro pallet, plastic and wooden crates, and com-
mon household storage items. To enhance diversity, we se-
lected objects of different shapes and sizes. Aside from the
storage containers and Euro pallet, all other objects were
sourced from IKEA, ensuring their availability across mul-
tiple countries. We also confirmed that these IKEA objects
will remain in production until at least the end of 2026.
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In total, we used 16 distinct objects, each equipped with
MoCap markers for precise tracking. Fig. 3 provides an
overview of all objects included in the dataset. These are
the same objects used in the MR6D dataset.

For each object, we provide high-quality 3D mesh mod-
els. The Euro pallet is represented by a manually designed
CAD model, while the other objects were reconstructed us-
ing BundleSDF [25]. These object meshes can also be used
to generate synthetic data.

Each scene features a human participant performing
tasks such as carrying, loading, or unloading objects. The
participant wears retroreflective markers on their gloves,
headband, T-shirt, and shoes. Some scenes also include a
manually operated forklift, similarly equipped with mark-
ers. However, 3D models for the human and forklift are not
provided, as they are only partially rigid.

3.3. Recording Environment

We collected the dataset in 2 research hall both are hangar
buildings. The recording arena of both building are 22 x 10
m?2 and 00 x 00 m2. Objects are precisely tracked at 200 Hz
using more than 50 VICON MoCap cameras, achieving
millimeter-level accuracy. The MoCap system provides
ground truth for highly accurate object positions in the Mo-
Cap (world) coordinate frame.

Fig. 4 illustrates the transformations between the VI-
CON world frame and the geometric center of the ob-
ject’s mesh (obj_geometry frame). Since the MoCap system
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Figure 4. Transformations in our data collection environment are
defined with the motion capture system’s origin frame as the world
frame. Eye-in-hand calibration aligns the tracked camera system
with the RGB camera’s optical frame, while object geometry cen-
ter calibration aligns the object’s tracked center with its 3D mesh
model center, eliminating alignment errors and ensuring accurate
annotations.
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tracks a reference frame differently from the RGB camera’s
optical frame and the object’s mesh center, two calibration
steps are required:

Eye-in-hand calibration: Computes the transformation
between the MoCap-tracked camera system frame and the
optical frame of the RGB camera.

Object calibration: Aligns the MoCap-tracked object
frame with its mesh geometric center. This is achieved
by capturing multiple object frames, manually aligning
poses using the BOP [12] manual annotation tool, record-
ing offsets, and computing calibration values for each ob-
ject.

During dataset recording, the camera system is moved
to keep objects within the event camera’s field of view. All
moving objects in the recording area, including humans and
forklifts, are tracked using the MoCap system.

3.4. Recorded Scenarios

We recorded 75 scenes in total, specifically designed to cap-
ture a range of challenging scenarios, including—with mi-
nor variations—the following:

¢ A subject loading one or multiple objects from a table
onto a forklift, then driving the forklift to a new location
and unloading the objects.

A subject picking up one or multiple objects and carrying
them to a designated location.

A subject running while carrying an object.

A subject pushing an object across the floor.

A subject swinging an object while carrying it.
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The recorded scenes often feature objects that are par-
tially or fully occluded by a human, a forklift, or other ob-
jects. In some cases, objects even move out of the camera’s
field of view. To enhance the dataset’s robustness and real-
ism, we introduced challenging lighting conditions, includ-
ing low-light environments and sudden exposure to bright
ambient light, mimicking real-world scenarios.

During data collection, we introduced various degrees of
freedom to enhance data diversity and robustness:

* The human subject moves at different speeds, from walk-
ing to running.

The camera height varies between 70 cm and 150 cm.
The camera system’s yaw, pitch, and roll are adjusted dur-
ing recording.

The camera tripod is moved manually at different speeds.
Lighting conditions are varied by opening or closing the
large roll-up door and windows to adjust natural light,
and by using adjustable artificial lighting. A lux meter
measures brightness levels before each recording, rang-
ing from 37 Ix to 980 Ix.

In some scenes, light intensity is dynamically varied dur-
ing recording, transitioning between low and high bright-
ness to simulate real-world conditions.

During recording, we introduce scenarios where the
camera system undergoes abrupt movements, including fast
horizontal sweeps, rapid roll, pitch, and yaw changes, as
well as jerky motions.

3.5. Dataset Annotation Process

Data from the RGB camera, event cameras, and MoCap sys-
tem — including object and camera positions — are recorded
as ROS bag files. Depending on the recording configura-
tion, either the 25 FPS or the 100 FPS RGB camera is used.
Object 6D poses, initially available in the MoCap coordi-
nate frame, are first transformed into the coordinate frame
of the three-camera system and then further mapped to the
optical frames of each of the three individual cameras. For
the 16 rigid objects, segmentation masks are derived from
projected 3D meshes. In contrast, segmentation masks for
the human and forklift are computed using SegmentAny-
thing2 [22]. Their 3D bounding boxes are determined from
individual marker positions tracked by the MoCap system.
Fig. 5, 6 illustrate the annotations, including 6D pose an-
notations for rigid objects and 3D bounding boxes for non-
rigid objects.

Since eye-in-hand calibration is performed using the
RGB camera, all annotations for the three cameras are gen-
erated at the RGB camera’s recording rate. At 25 FPS with
an exposure time of 25 ms, the RGB camera introduces mo-
tion blur. During jerky movements, objects can shift sig-
nificantly within the 25 ms window, leading to faulty an-
notations in RGB frames. However, event camera annota-
tions remain accurate. This is evident in Fig. 7, where the



Figure 5. The figure displays the 6D pose annotations for two objects from our dataset of 16. Event images are generated by accumulating

events over a 10 ms period.

Figure 6. The figure illustrates 3D bounding box annotations for non-rigid moving objects in both RGB and event camera views. Our
dataset provides annotations for all moving objects in the scene. Event images are generated by accumulating events over a 10 ms period.

RGB annotations lag behind the actual object position. As
noted in Section 3.1, comparing event cameras to a 25 FPS
RGB camera provides a fairer evaluation, as 25 FPS RGB
cameras are more commonly used. Additionally, we pro-
vide scenes recorded with a 100 FPS RGB camera, offering
higher-quality annotations for the RGB data.

Fig. 8 and Fig. 9 present key dataset statistics, high-
lighting its diversity and relevance for robotic applications.
As shown in Fig. 8, the dataset includes objects of various
sizes, ranging from 16 x 19 x 42 cm to 80 x 120 x 144 cm,
spanning small to large objects. The distance histogram in-
dicates that most objects are positioned between 2 m to 7 m
from the camera.

To capture dynamic scenes, we manually move the cam-
era in a horizontal sweeping motion, introducing both trans-
lational and rotational velocity components. The trans-
lational velocity reaches up to 2 m/s. Fig. 9 illustrates
these motion dynamics, depicting the Euclidean norm of the
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translational velocity and the absolute angular velocity.

Our dataset consists of 75 scenes, including 25 recorded
with the 25 FPS RGB camera and 50 with the 100 FPS RGB
camera, with an average duration of 16 s per scene. For
each scene, we provide camera intrinsic and extrinsic ma-
trices, along with the tracking data for all three cameras in
the world frame. Additionally, we include 6D pose annota-
tions for the 16 rigid objects and 3D bounding boxes for all
moving objects in the scene.

4. Evaluation

There are no well-established methods for 6D pose estima-
tion using event cameras, nor for 3D bounding box detec-
tion of moving objects — particularly in scenarios involv-
ing long-range objects and complex scenes like those in our
dataset. Therefore, we evaluate our dataset using NVIDIA
FoundationPose [26] on the RGB data only, as it is a well-
established approach for 6D pose estimation of unseen ob-



Figure 7. The figure shows 3D bounding box annotations that appear inaccurate in the RGB image due to jerky motion or sudden camera
movements. We provide RGB images with improved annotations using a 100 FPS RGB camera. Event images are generated by accumu-

lating events over a 10 ms period.

(a)

(b)

(©)

Figure 8. Histograms of object distances from the camera (a), translational velocity (b), and rotational velocity (c).

Figure 9. The plot presents object dimensions (I, b, h), showing
the minimum, median, and maximum values for each object.

jects. FoundationPose is trained on synthetic data encom-
passing a wide variety of object categories, enabling it to
generalize to novel objects not seen during training.
FoundationPose estimates the 6D pose but requires a
2D segmentation mask as input. In our case, we provide
ground-truth 2D masks. Additionally, as FoundationPose
relies on depth information, we generate synthetic depth
images based on object data. These synthetic depth images
enable the model to estimate the initial object distance by
averaging depth values. For evaluation, we adopt the BOP
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metrics [13], which are the most widely used benchmarks
for 6D pose estimation.

We conducted the evaluation using only 25 FPS data, as
lower FPS cameras, around 25 FPS, are widely used in var-
ious applications. The 100 FPS annotations were included
solely to improve RGB data quality and provide additional
annotations for event data. This ensures a fair comparison
between event-based and RGB-based approaches.

Tab. 2 presents the evaluation results with NVIDIA
FoundationPose, yielding an Average Recall (AR)
of 0.2207. This performance is relatively lower than Foun-
dationPose results on similar datasets, likely due to motion
blur from fast object movement and the complexity of the
background. Qualitative visualizations of the predictions
are shown in Fig. 10 and Fig. 11.

5. Conclusion

In this work, we introduced MTevent, a dataset designed to
advance event-based perception in dynamic environments.
It addresses key challenges such as occlusions, varying
lighting, extreme viewing angles, and long detection dis-
tances, providing a comprehensive benchmark for event-
based vision across multiple tasks—including 6D pose es-
timation of static and moving rigid objects, 2D motion seg-



Figure 10. The figure demonstrates strong evaluation results with FoundationPose. It also highlights the diverse degrees of freedom present
in the dataset. For example, the dataset includes variations in camera system height and angle, changing lighting conditions, and different
human subjects. Additionally, glare from an open door adds another layer of complexity to the scene.

Figure 11. The figure shows suboptimal evaluations with FoundationPose, where the images appear blurry due to fast motion. Additionally,
the figure highlights the various degrees of freedom present in the dataset.

Table 2. 6D pose estimation results on the MTevent dataset, using
a tolerance of 10 cm. VSD: Visible Surface Discrepancy, MSSD:
Maximum Symmetry-Aware Surface Distance, MSPD: Maximum
Symmetry-Aware Projection Distance.

GT-Masks + FoundationPose
ARysp  ARmssp  ARwmispp
0.1874 0.1716 0.3031

AR
0.2207

mentation, 3D bounding box detection, optical flow estima-
tion, and object tracking. With 75 scenes averaging 16 sec-
onds each, it enables robust evaluation of perception mod-
els under diverse conditions. Our evaluation using NVIDIA
FoundationPose showed that RGB-based methods struggle
in the highly dynamic, fast-moving scenarios captured in
MTevent, highlighting the potential of event-based data. A
limitation of our dataset is the speed of the moving camera
system, which reaches only 2 m/s—below the operational
speeds of modern mobile robots.

Future work will focus on developing models that more
effectively leverage event data for object tracking, motion
estimation, and 6D pose estimation in rapidly changing en-
vironments.
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