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Abstract—Recent developments in visual-inertial and LiDAR
sensors and simultaneous localization and mapping (SLAM)
enable recording and digital reconstruction of the physical world.
In this paper we utilize a hand-held multi-sensor platform for
remotely recording and characterizing physical properties of
crops on a field. The platform consists of a visual-inertial sensor,
color camera and 2D LiDAR. We syncronize the data from this
platform and fuse them in a standard SLAM framework to obtain
a detailed model of the field environment in the form of a 3D
point cloud. Such a model is then fed into semi-automated crop
parameter estimation pipelines to extract the spatio-temporal
variation of physical crop height and canopy cover, which may
be used to support decision making for breeding and precision
agriculture. We present experimental results with data collected
on a winter wheat field in Eschikon, Switzerland, showing the
utility of our approach towards automating variability studies in
crops.
Index Terms—Precision agriculture, visual-inertial sensor, 3D
reconstruction, agricultural robotics, crop phenotyping, point
cloud processing

I. I NTRODUCTION
Remote, non-invasive monitoring of crops has garnered
significant interest in recent times. Crop phenotyping, the
application of high throughput methods to characterize plant
architecture and performance, is currently a focus in crop
research and breeding programs [1], [2]. However, most crop
breeding programs currently employ human expert breeders
who primarily evaluate plant growth visually. This process is
time consuming and expensive, and may be error prone. High
throughput phenotyping facilities allow crop variability data
collection in controlled environments that can be extrapolated
to large-scale crops. These facilities are typically run by large
seed and crop care companies and plant research institutions
within large, controlled environments, such as greenhouses or
growth chambers. This limits their ability to extrapolate and
predict plant behavior under heterogeneous field conditions
[3]. Large-scale field phenotyping platforms are typically
expensive, take a long time for construction and are limited
in their area of operation. The increased demand for onfield phenotyping to support breeding [4] has spurred the
development of mobile platforms, [5], [6] and [7], based
on ground vehicles. Ground vehicles, however, are intrusive,
limiting the frequency of the measurements, and have an
adverse impact on the soil.
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Fig. 1. The hand-held sensor platform used in this work for studying crop
variability, comprising of a visual-inertial sensor, a color camera and laser
range finder.

Therefore, an easy-to-use, flexible and mobile sensor platform (such as the one shown in Figure 1) can enable breeders
and agronomists to quickly and frequently collect real world
data about their crops, offering valuable insights into crop
status and field variation.
In light of these considerations, we present a light-weight,
hand-held system consisting of a high resolution color camera,
a laser scanner and a visual-inertial sensor, offering flexibility
and ease of use to monitor crops. We show preliminary results
in the form of user-readable crop height and canopy cover
maps which can be used to study the spatio-temporal growth
of the crops on the field. Our height estimates, based on the
sensor platform measurements, are also shown to compare
favorably with manual measurements. An overview of the
pipeline is shown in Figure 2.
II. S ENSOR P LATFORM AND C ALIBRATION
We employed a combination of the visual-inertial sensor
developed at the Autonomous Systems Lab [8], a Hokuyo
UTM-30LX laser range finder (LRF) and a rigidly attached
Point Grey Flea3 color camera for data collection, as shown
in Figure 1. The visual-inertial sensor and LRF were synchronized in hardware, while software synchronization according
to Zhang et al. [9] was performed for the color camera. We

Fig. 2. A schematic overview of our hand-held scanner based phenotypic
pipeline.

used the kalibr1 [10] framework for calibrating the cameras
intrinsically and extrinsically with respect to the inertial measurement unit (IMU), and for determining the communication
delay of the color camera. The transformation between IMU
and LRF was estimated according to our previous work [11].
Our plant segmentation is based on data acquired with the
color camera, exploiting that the spectra of light reflected
by plants and soil are generally different. Besides irradiance,
image intensity is dependent on the camera response function
as well as on the optical transmission of the lense system. We
estimated these quantities using the well established empirical
model of response [12] as well as a simple polynomial model
for vignetting [13], and subsequently compensated for these
influences to facilitate segmentation.
III. 3D R ECONSTRUCTION
Our 3D reconstruction follows a two-step procedure. In a
first step, non-linear optimization [14] over a sliding window
of measurements from the visual-inertial sensor provides an
initial estimate of the sensor trajectory. While this approach is
real-time capable and has been demonstrated to provide stateof-the-art accuracy, we subject the initial trajectory estimate to
a full batch optimization [15] in a second step, taking all visual
and inertial measurements into account. This offline postprocessing step further improves the accuracy of the reconstruction. Given the sensor trajectory, range measurements are
transformed into the coordinate frame of our map to produce a
point cloud. Subsequently, an irradiance2 value is sampled for
every point by projecting it into the temporally closest color
image.
1 Available

at https://github.com/ethz-asl/kalibr
follow Debevec et al. [16] in using this term. For insights on why this
term is not strictly correct and a justification for its use, please see their work.
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Fig. 3. 3D reconstructions of the winter wheat field on 10-04-2015 (top) and
12-05-2015 (bottom). The plot sizes are 1.5 m x 1 m with different genotypes
planted for breeding experiments. One can observe the dramatic variation
in the appearance of the crops which presents a challenge for automated
segmentation and analysis pipelines.

IV. Q UANTIFYING P HENOTYPIC VARIATION ON THE F IELD
There exist well established parameters to characterize the
differences between crops growing on the field, such as
height, canopy cover, leaf area index (LAI) and chlorophyll
fluorescence. We use the point clouds generated using our
hand-held platform to estimate the crop height and canopy
cover. These estimates, converted into human-readable maps,
can be used to assist and verify breeders’ rating values for
different plots and provide an estimate of the growth rate of
plants and its spatial variation.
A. Height Estimation
We use our previously developed height estimation pipeline,
described in detail in [17]. An overview is provided here
for completeness. The point clouds are first segmented using
a color threshold to separate the vegetation from the soil.
A linear regression surface is then fitted through all the
soil points to get the global orientation of the scene. For
height estimation, a finer tessellation of this ground surface
is performed and a local multinomial regression surface is fit
through the soil points in each region. The ground plane is
further subdivided into regions with dimensions approximating
the plant size of the crop under study. The height of each plant
region is then estimated as the height of the vegetation point
corresponding to the 99th percentile within that region.

B. Canopy Cover Estimation
We define canopy cover as the percentage of the ground
covered by vegetation when looking down along the normal to
the ground plane. We compute it by subdividing the field into
small areas, each of which we consider covered by vegetation,
if we find at least one plant vertex above them. The canopy
cover is then found as the ratio of the sum of all covered
areas to the area of the entire field. The challenge now lies in
accurately choosing the tessellation size. If chosen too high,
large areas would inadvertently be considered covered even
if they contained only one point (which might be an outlier
from the reconstruction). On the other hand, a leaf can only be
represented by a finite number of points which have no volume
themselves. Thus, if the tile size is chosen too small the areas
between closely neighboring points would not be considered
covered even though it is quite likely that the points belong
to the same leaf. In the limit, the estimated crop cover would
eventually converge towards zero when the tile size approaches
zero.
It is therefore reasonable to choose the tile size based on
the individual density of each point cloud. For this purpose
we compute the distances from all points in the point cloud to
their corresponding nearest neighbor. Among all these intervertex distances we look for the median. We then subdivide
the field into squares and choose their side-length as twice the
median found in the previous step. Finally the canopy cover is
found as the ratio of the number of squares that have at least
one plant vertex above them to the overall number of squares.
V. R ESULTS AND D ISCUSSION
We collected two datasets on an experimental winter wheat
field at Lindau, Eschikon in Switzerland. An overview of the
field is shown in Figure 4. The field is used for breeding
experiments and consists of 1.5 m x 1 m plots with different
wheat genotypes. The purpose of such experiments is to
determine which of the genotypes are better suited to a
certain type of environment or abiotic stress, by measuring and
quantifying plant growth over time and comparing the different
plots. The datasets were collected on April 10 and May 12,
2015 during the growth period of the plants. Data collection
was performed in a nadir configuration, recording images at
20 Hz, range scans at 40 Hz and inertial measurements at
800 Hz. We oriented the sensor suite in a way that optimized
coverage for our push-broom approach to reconstruction and
walked at normal speed (approximately 1 m/s).
The point clouds for one row of plots for both days are
shown in Figure 3. One can clearly observe the large variability
in the visual appearance of the crops at different times. This
is attributed to the ambient illumination and the change in the
physical structure of the plants which has an influence on the
shadows and occlusions. The dramatic change was observed
to cause issues with automated segmentation procedures and
hence the segmentation thresholds had to be set manually. One
can observe that the number of soil points reduces dramatically
in the second point cloud due to occlusions caused by plant
growth. While a limited number of ground points makes it

Fig. 4. Aerial orthomosaic of the research field at Lindau, Eschikon. The red
rectangle shows the area where the data was collected.

Fig. 5. Image of the winter wheat plots within the field. The red lines depict
the area where the data was collected.

difficult to obtain an accurate reconstruction of the ground
profile, there are still enough points for our regression method
to generate the height estimates. A height map of 5 selected
plots on the field is shown in Figure 6 for the two days. The
canopy cover is estimated using the procedure described in
section IV-B. Figure 7 shows a top view of the field with
squares classified as vegetation depicted in green. Using the
point clouds, we seek to simulate traditional imaging-based
canopy cover estimation techniques which estimate the canopy
cover based on images of the field taken using a camera
looking down towards the plots. However, as seen in Figure 7,
it is difficult to acccurately assess the spatial variation of
the canopy cover between different plots using such a binary
map with high resolution. In order to support discrimination
between the different plots, average canopy cover values over
a larger ground area are calculated and depicted in Figure 8.
This averaging makes it easy to identify the plots with higher
canopy density compared to the others.
From these height and canopy cover maps, one can observe
the relative growth of the plants over time in all three dimensions and the variation between the different plots becomes
apparent, enabling better decision making while rating different plots or identifying areas of high/low growth within a large
farm.
In order to determine the accuracy and reliability of the
height estimates, 5 plant heights were measured for each plot
using a yardstick on both days. The average height per plot
was determined by averaging these plant heights for each plot.
These were then compared with the average height per plot

Fig. 6. Height map of a winter wheat field. The plot sizes are 1.5m x 1m
and different genotypes are planted for a breeding experiment.

Fig. 8. User readable map for canopy cover density. One can easily observe
the relative variation between different plots and their growth over time.

Fig. 7. Image showing a top down view of the winter wheat plot canopy.
Green represents pixels covered by plant and yellow the ground. The pixel
size is defined adaptively based on the density of the point cloud.

computed by averaging the maximum plant heights in five
areas in the reconstruction corresponding to the spatial location
of the plants used for the yardstick measurements. The results
are shown in Figure 9 in the form of a bar chart with the mean
and standard deviation of the yardstick and scanner based
height estimates per plot for the 5 plots.
VI. C ONCLUSION AND F UTURE W ORK
In this work we have proposed using a flexible, hand-held
multi-sensor platform for collecting crop data on a winter
wheat field. Preliminary results show that the collected data
and semi-automated post processing of the point clouds enable
the quantification of important phenotypic parameters of the
crops. Average crop height and canopy cover are estimated
and presented in the form of user readable maps, such as those
in Figures 6 and 8, useful for agronomists, farmers and crop
scientists.
While our work shows promising preliminary results, it
also highlights some limitations. Errors affecting reconstruction and subsequently crop height estimation may arise from
inaccuracies in the estimated sensor trajectory and in the range
measurements. In the first case, noise on estimating roll and
pitch angle as well as drift in the estimated height of the sensor
will presumably have the largest effect. Range measurements
are corrupted by different deterministic biases [18] as well as
random noise. In addition, the laser beam covers a certain solid
angle, and depth discontinuities inside this cone yield ”mixed
pixels”, weighted averages of the sampled depths. Since floral
environments are rich in discontinuities, we expect a significant amount of these artifacts. For plants with sufficient leaf
area, the effect of this is mitigated by taking the 99th percentile,
as there is a high probability of acquring samples that are not

Fig. 9. Comparison of average height per plot using yardstick measurements
and our sensor setup for both days.

affected by discontinuities. Improved robustness of the ground
plane estimation process to outliers in the segmentation may
be obtained by replacing the linear regression by fitting based
on a RANSAC scheme [19].
Future work will focus on integrating additional sensors
to overcome the challenges mentioned above. Segmentation
based on normalized difference vegetation index (NDVI) using a multi-spectral camera could improve the accuracy and
robustness of the soil-plant segmentation. The addition of an
RTK GPS system can improve the robustness of the localization and prevent drifts, leading to more accurate trajectories
and longer operating times with which larger areas may be
covered in one cycle.
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[5] L. Busemeyer, D. Mentrup, K. Möller, E. Wunder, K. Alheit, V. Hahn,
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