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Fig. 1. Overview of our dataset, comprising a field trial with multiple crops, with sensor data collected at several time points. We collected data using
multiple sensors; here, we showcase our georeferenced data, showing the same location in a sugar beet plot across multiple sensors in the middle section.
From top left, we show the data from RGB orthophotos, multispectral orthophotos, four of the 20 RGB instantaneously captured images, a colored dense
point cloud from RGB structure-from-motion, and the high-resolution LiDAR point cloud. With our georeferenced data, we can align data from different
sensors and dates. In addition, we provide destructive reference measurements for aboveground fresh weight and LAI for the field trials. The MuST-C
dataset is available via our project webpage https://www.ipb.uni-bonn.de/data/MuST-C/ or directly via the bonndata public access repository
https://doi.org/10.60507/FK2/OX9XTM.

Agricultural robots must meet the demands of a growing
population while coping with climate change [1], [2]. Re-
search and development of crop varieties that provide high
yields and withstand climate impacts are crucial for increas-
ing the efficiency of sustainable agricultural systems [3],
[4] and require assessing phenotypic traits [5]. However,
phenotyping remains a time-consuming and laborious task,
often relying on manual, destructive measurements.
Moving towards automated high-throughput phenotyping is
a key step to enhance the temporal frequency, repeatability,
and objectiveness of measurements [6], [7]. The development
of innovative methods, particularly those utilizing mobile
sensing, depends on the availability of domain-specific data
under real-world conditions. While agricultural field datasets
exist [8], [9], they often represent a single growth stage, crop,
or sensor type, limiting direct comparisons across sensor
modalities, growth stages, or multiple crops. To address
this, we introduce the multi-sensor, multi-temporal, multi-
crop (MuST-C) dataset as presented in our original publica-
tion [10]. We collected data using diverse sensing modalities,

including RGB cameras, multispectral cameras, and LiDAR
sensors, mounted on robotic platforms (UAVs and UGVs).
Georeferencing via GNSS receivers ensured data alignment
across sensors and over time. For evaluation, we provide
reference data for plant traits such as biomass and leaf
area index (LAI), with LAI measurements validated through
destructive methods.
Beyond LAI [11], [12] and biomass estimation [13], the
MuST-C dataset supports various tasks, including crop-
weed segmentation [14], plant counting [15], [14], leaf
counting [16], [17], vegetation index retrieval, plant height
estimation [18], and leaf angle distribution analysis. Further
applications include plant reconstruction [19], plant density
estimation [20], vegetation segmentation [21], and radiation
use efficiency estimation [3]. Reflecting the growing interest
in foundation models [22], [23], our dataset facilitates self-
supervised pretraining for agricultural applications like weed
semantic segmentation [7], disease detection [24], or 3D
reconstruction [25]. The key novelty of MuST-C lies in
providing aligned data from multiple sensors, enabling com-
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parisons across modalities and supporting the development
of novel sensor fusion approaches.

The field experiments were conducted during the 2023
growing season at the Campus Klein-Altendorf research
facility of the University of Bonn, Germany. The study
comprised six sub-experiments cultivated in 7.5 m × 6 m
plots. These included five conventionally managed mono-
cultures—sugar beet, spring wheat, sweet corn, soybean,
and potato—and one organic wheat-faba bean intercrop
trial. To simulate organic farming practices, no fertilizers
or herbicides were applied in the wheat-faba bean trial. We
compared 1:1 cereal-legume mixtures against monoculture
controls in a two-block design. The mixtures combined the
faba bean variety Fanfare with either short-growing (Anabel)
or tall-growing (Sorbas) spring wheat, sown at half the
density of the monocultures (monocrop reference densities:
320 seeds m−2 for wheat, 36 seeds m−2 for faba bean). Data
were collected from the field experiment using various sen-
sor modalities mounted on three different unmanned aerial
vehicles (UAVs) and one unmanned ground vehicle (UGV).
The specific sensors and collected data are detailed below.

UAV1 High-Resolution RGB Images (11664×8750 pixels)
were captured in nadir view from UAV1. Flights were
conducted at an altitude of 21 m, yielding a ground sampling
distance of approximately 1 mm, with 70% side and 74%
frontal overlap. Photogrammetric processing using Agisoft
Metashape Pro, including structure from motion via bundle
adjustment initialized with RTK poses and aligned using
ground control points (GCPs), generated a point cloud and
an orthophoto for each collection date.

UAV2 LiDAR Point Clouds carries a RIEGL miniVUX-
SYS consisting of the RIEGL miniVUX-2UAV 2D laser
scanner and the Applanix APX-20 inertial measurement unit.
We configured the LiDAR sensor to the laser pulse repetition
rate of 200 kHz and the scan speed of 53.80 lines per second.
For georeferencing, we used a reference station to estimate
the GNSS baseline and performed pose estimation with
the inertial measurement unit (IMU) and additional GNSS
data. We used the software RIEGL RiPROCESS for direct
georeferencing, which combined the trajectory and LiDAR
data. We filtered the LiDAR data by the maximum range
of 45 m, and the resulting georeferenced point cloud has a
mean density of 1433 pts m−2.

UAV3 Multispectral Images are collected using a 10-
band camera mounted on a Ronin MX gimbal, maintain-
ing a nadir view. Images of the entire field trial were
acquired with a ground sampling distance of 3 cm, utilizing
a flight pattern with 90 % along-path and 65 % side overlap.
Flights were planned under stable illumination conditions.
Reflectance calibration for each orthophoto involved nine
near-Lambertian calibration panels (2 % to 63 % reflectance)
placed on bare soil. Raw multispectral images were pro-
cessed to radiance units and georeferenced using GCPs and
Agisoft Metashape Pro. Reflectance orthophotos were cali-
brated using the empirical line method. The dataset includes
multispectral images, camera calibrations, and multispectral
reflectance orthophotos for each collection date.

UAV3 RGB Images In conjunction with multispectral data,
an RGB camera was mounted on the same gimbal on UAV3.
These images were processed using Agisoft Metashape Pro
to generate digital elevation models (DEMs) and orthophotos
with an approximate ground sampling distance of 3 cm and
estimated overlaps of 80 % along-path and 75 % to the sides.
The dataset contains RGB images, camera calibrations, RGB
orthophotos, and DEMs for each collection date.

UGV RGB Multi-Cameras The UGV was equipped with
20 RGB cameras (45.7MP, 8256×5504 px) positioned with
adjustable zoom levels to maximize crop area coverage. The
UGV traversed destructive sampling paths, acquiring images
until canopy height became prohibitive. Camera zoom levels
were manually calibrated daily based on crop canopy height.
Camera intrinsic and scaled extrinsic parameters were cali-
brated using Agisoft Metashape Pro for each day. The data
package provides sets of instantaneously captured 20 RGB
images, organized by plot, and camera calibrations for each
collection date.

UGV Point Clouds The UGV integrates two LMI laser
triangulation scanners with overlapping fields of view and
an Ouster OS1 64-beam LiDAR. Georeferencing involved
the GNSS/IMU trajectory to the laser profiles in a global
coordinate frame. System calibration (transformation be-
tween scanners and the INS) was performed using a 3D
point feature approach. Sequences of point clouds from each
LiDAR (left and right LMI, Ouster) were merged into larger
point clouds, then cropped and organized by plot. Post-
processing merged left and right LMI point clouds using
a custom plane-to-plane iterative closest point algorithm to
address potential misalignments (less than 10 cm) due to
UGV deformation on uneven terrain. LMI point clouds offer
higher density, enabling detailed distinction of single plant
organs compared to Ouster data.
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