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shows a map of the field with tractor paths overlaid. The field is 3.3 ha and surrounded by roads,
shelterbelts and a private property.
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Figure 5. Colored and labeled orthophotos. (a) Orthophoto with tractor tracks overlaid. Black tracks
include only static obstacles, whereas red and white tracks also have moving obstacles. Currently,
red tracks have no ground truth for moving obstacles annotated. (b) Labeled orthophoto.

A number of static obstacles exemplified in Figure 6 were placed on the field prior to recording.
They included mannequin dolls (adults and children), rocks, barrels, buildings, vehicles and vegetation.

Figure 5b shows the placement of static obstacles on the field overlaid on a ground truth map colored
by object classes.

Figure 6. Examples of static obstacles.

Additionally, a session with moving obstacles was recorded where four humans were told to
walk in random patterns. Figure 7 shows the four subjects and their respective paths on a subset of the
field. The subset corresponds to the white tractor tracks in Figure 5a. The humans crossed the path of
the tractor a number of times, thus emulating dangerous situations that must be detected by a safety
system. Along the way, various poses such as standing, sitting and lying were represented.
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(a) Human 1 (b) Human 2 (c¢) Human 3 (d) Human 4

Figure 7. Examples of moving obstacles (from the stereo camera) and their paths (black) overlaid on
the tractor path (grey).

During the entire traversal and mowing of the field, data from all sensors were recorded. Along
with video from a hovering drone, a static orthophoto from another drone and corresponding
manually-annotated class labels, these are all available from the Field SAFE website.

4. Ground Truth

Ground truth information on object location and class labels for both static and moving obstacles
is available as timestamped global (geographic) coordinates. By transforming local sensor data from
the tractor into global coordinates, a simple look-up of the class label in the annotated ground truth
map is possible.

Prior to traversing and mowing the field, a number of custom-made markers were distributed on
the ground and measured with exact global coordinates using a handheld Topcon GRS-1 RTK GNSS.
A DJI Phantom 4 drone was used to take overlapping bird’s-eye view images of an area covering the
field and its surroundings. Pix4D [35] was used to stitch the images and generate a high-resolution
orthophoto (Figure 5a) with a ground sampling distance (GSD) of 2 cm. The orthophoto was manually
labeled pixel-wise as either grass, ground, road, vegetation, building, GPS marker, barrel, human or
other (Figure 5b). Using the GPS coordinates of the markers and their corresponding positions in the
orthophoto, a mapping between GPS coordinates and pixel coordinates was estimated.

For annotating the location of moving obstacles, a DJI Matrice 100 was used to hover approximately
75 m above the ground while the tractor traversed the field. The drone recorded video at 25 fps with a
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resolution of 1920 x 1080. Due to limited battery capacity, the recording was split into two sessions of
each 20 min. The videos were manually synchronized with sensor data from the tractor by introducing
physical synchronization events in front of the tractor in the beginning and end of each session. Using
the seven GPS markers that were visible within the field of view of the drone, the videos were stabilized
and warped to a bird’s-eye view of a subset of the field. As described above for the static orthophoto,
GPS coordinates of the markers and their corresponding positions in the videos were then used to
generate a mapping between GPS coordinates and pixel coordinates. Finally, the moving obstacles
were manually annotated in each frame of one of the videos using the vatic video annotation tool [36].
Figure 7 shows the path of each object overlaid on a subset of the orthophoto. The second video is yet
to be annotated.

5. Summary and Future Work

In this paper, we have presented a calibrated and synchronized multi-modal dataset for obstacle
detection in agriculture. The dataset supports research into object detection and classification, object
tracking, sensor fusion, localization and mapping. We envision the dataset to facilitate a wide range of
future research within autonomous agriculture and obstacle detection for farming vehicles.

In future work, we plan on annotating the remaining session with moving obstacles. Additionally,
we would like to extend the dataset with more scenarios from various agricultural environments while
widening the range of encountered illumination and weather conditions.

Currently, all annotations reside in a global coordinate system. Projecting these annotations
to local sensor frames inevitably causes localization errors. Therefore, we would like to extend
annotations with, e.g., object bounding boxes for each sensor.
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