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ABSTRACT

2

Deep Learning methods are widely applicable in Robotics and Automated Driving scenarios. The task of perception for Automated
Driving in the real world is particularly challenging and requires
a sufficient amount of high quality labeled training data for the
algorithms to perform well. While the detection of 2D bounding
boxes is a well studied problem, only recently researchers are focusing more on 3D bounding box detection. In Automated Driving, a
wide variety of sensors are used, such as Radar and Lidar; however,
many current approaches focus on image based detections. In this
position paper we want to emphasize the importance to study 3D
perception with 3D labeling that is not based on image data alone,
but ideally uses multi modal data for manual, semi automatic or
fully automatic labeling.

Labeled datasets are a key enabler for the success of Deep Learning.
In this paper we show emphasize that multi modal labeled datasets
can further increase the 3D detection performance.
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INTRODUCTION

Recent progress in Advanced Driver Assistance Systems (ADAS)
and sub-sequentially Automated Driving (AD) enables safer and
more comfortable driving. Increasing levels of automation require
more reliable and more advanced methods for perceiving information about the surroundings. Deep Learning based methods have
shown superior recognition performance in various visual perception tasks in comparison to more traditional techniques based on
hand-engineered features and classifiers, often by a large margin.
Benchmark datasets such as [8, 11] play an important role in Computer Vision. Similarly in Automated Driving high-quality research
datasets like [3] and [5] are well established to evaluate new perception approaches.
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MULTIMODAL LABELS

Current situation Cityscapes [3] and KITTI [5] are well established, high-quality datasets for AD. While Cityscapes is imagebased and only 2D information is provided, KITTI contains Lidar
measurements as well and 3D bounding boxes are given as labels.
However the 3D annotations are given only in the camera frame as
this modality was used as support for labeling. While the Lidar used
in the measurement setup, as reported, covers 360◦ , the camera has
a narrower field of view (FoV). As a result, only the Lidar point
cloud data inside the camera’s field of view, i.e. only a subset of the
overall Lidar measurement data can be used as a labeled data set
for training or evaluation of a Deep Neural Network. This not only
reduces the usable size of the data set, but makes the labeled subset
less representative, as the Lidar data outside the camera’s FoV most
likely includes other phenomena with a different distribution in
comparison to the data inside the camera’s FoV in front of the ego
vehicle. Figure 1 illustrates the setup.
Other datasets like [1] provide Lidar measurements but no labels
for dynamic objects at all.
Taking advantage of different modalities Different sensors have
distinct characteristics, such as a dissimilar FoV, being able to measure certain target attributes but not others or with less accuracy
(e.g. Radar measuring velocity, Lidar measuring accurate 3D locations etc.) or a different behavior in varying weather conditions.
The power of fusing multiple sensor modalities in order to detect
dynamic objects is that each sensor adds additional information to
the overall result, based on its characteristics. Recent methods, published on the KITTI leaderboard, fusing information from camera
and Lidar [2, 4, 7, 10, 12] outperform vision based approaches, in
terms of 3D detection performance. This supports the argument
that Lidar adds important information for the 3D detection task.
Transferring labels from one modality to another is one possibility to obtain 3D labels. But classical fusion systems try to take
advantage of different sensor properties regarding e.g. range or
vulnerability to certain environmental conditions. If images are
used for labeling the advantage of using different sensor modalities
is partially lost. Furthermore in many scenarios it is relevant to
detect objects 360◦ around the ego, which is not always covered by
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Recently [6] announced a competitive 3D dataset including highquality Lidar data, it will be interesting to conduct investigations
with this new data when it is finally published.

3

Camera FoV

Ego

360° FoV

Figure 1: Camera and Lidar often have different FoV. Lidars
commonly used, such as the one used in [5] cover 360◦ . For
cameras this is not the standard case. If Labels are generated
using images only a subset of Lidar points will have appropriate labels.

the FoV of the camera.
Covering 360◦ around the ego with cameras can be easily achieved
by adding more cameras. Calibration of the different sensors needs
to be ensured for this approach to work properly. E.g. [9] propose to
use trained image segmentation DNNs and project the Lidar pointcloud to the image frame to automatically annotate the pointcloud.
While [9] mentions the problem of different FoVs, different sensor
range resolutions and varying recording conditions are not taken
into account.
In order to have highly reliable and well performing Automated
Driving functions it would be required to have per modality labels
and algorithms taking advantage of the respective properties. This
effect could be fostered by having multi modal labels, i.e. labels
generated using multiple modalities, already containing diverse
information from the different sensors.
Open challenges Manual labeling of measurements other than
images is challenging, as humans are not as used to other modalities
employed in AD as they are to vision. Further complexity arises
from the presence of having an additional dimension for 3D pointcloud data and the sparse nature of such data.
Suitable tooling and visualization techniques e.g. for 2D/3D point
cloud data are necessary to mitigate this difficulty and allow efficient handling of the sensor data. To aid human annotators camera
images covering the FoV of the other sensor modalities should be
given. As labeling sparse data is tedious and time consuming automated or semi-automated approaches are desirable to facilitate this
process.

CONCLUSION

While current academic datasets already play a key role for the
development of new algorithms for environment perception for AD
even without taking full advantage of different sensor properties,
we are convinced that making use of sensor specific information
through manual, semi-automatic or fully automatic labeling of data
sets will be crucial to further accelerate the progress in the field.
Recent perception approaches evaluated on benchmark datasets
suggest high potential when using multiple modalities. Especially
multi modal techniques for labeling are expected to support the
creation of labels in the quantity and with the accuracy that is
required for deep learning. The resulting labeled multi modal data
set can be utilized for training and evaluation of machine learning
techniques for data from any single sensor modality contained in
the data set as well as for multi modal fusion approaches. New
algorithms taking advantage of the strengths of different sensors
would bring the goal of highly reliable AD in real world situations
closer.
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