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Summary: Multi-temporal crop surface models
(CSMs) are a reliable method for agricultural crop
monitoring. They provide 3-dimensional represen-
tations of crop canopies, preferably available as a
multi-temporal dataset. From the CSMs the spatial
distribution of plant height can be derived. The data
for the CSMs are captured by remote sensing meth-
ods including terrestrial laser scanning (TLS) and
imagery from unmanned aerial vehicles (UAVs)
combined with computer vision techniques. Previ-
ous studies underlined the suitability of both meth-
ods. However, it remained an open question if both
methods provide actually comparable information.
We assume that the differing viewing angles of
both sensors influence the resulting CSM and that
the UAV-based CSMs contain crop density infor-
mation due to the nadir sensor position. Therefore,
we expect a lower mean plant height and higher
variation in the UAV-based CSM. The correlation
between plant heights from both methods was ana-
lyzed and complemented by using polygon grids for
spatial analysis. The polygon grids provide descrip-
tive statistics for each raster cell by zonal statistics
to investigate the data’s potential as a density meas-
ure. Through this analysis it is possible to maxi-
mize the extraction of spatial information for larger
grid cells though it is not comparable to standard
resampling methods. We analyzed CSMs at early,
middle, and late growth stages from a barley ex-
periment field and found a high correlation (R* =
0.91) in plant height derived from both methods.
The UAV-derived plant height was generally lower
than the TLS-derived plant height at all growth
stages. However, contrary to the expectations the
coefficient of variation was higher in the TLS data-
set.

Zusammenfassung: Vergleich von UAV- und TLS-
abgeleiteter Pflanzenhohe fiir das Monitoring von
Ackerfriichten: Die Nutzung von Polygongrids zur
Analyse von Oberflichenmodellen von Getreidebe-
stianden (CSMs). Oberflaichenmodelle von Getrei-
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debestdanden (crop surface models, CSMs) sind eine
zuverldssige Methode fiir das Agrarmonitoring. Sie
ermdglichen die Erstellung dreidimensionaler Mo-
delle geschlossener Getreidebestdnde, vorzugswei-
se aus multitemporalen Datensdtzen. Aus den
CSMs lasst sich die rdumliche Verteilung der Pflan-
zenhohen ableiten. Die Erfassung der Daten erfolgt
durch Fernerkundungsmethoden aus terrestri-
schem Laserscanning (TLS) und Aufnahmen mit
unbemannten Luftfahrzeugen (unmanned aerial
vehicles, UAVs) in Kombination mit computer visi-
on-Techniken. Die Eignung beider Methoden fiir
die nicht-destruktive Bestimmung von Pflanzenho-
he und Biomasse sind bekannt. Die noch offene
Frage ist, ob beide Methoden dhnliche Informatio-
nen erfassen und inwiefern ein Vergleich der Me-
thoden angemessen ist. Wir gehen davon aus, dass
die unterschiedlichen Sensorpositionen das resul-
tierende CSM beeinflussen. Weiterhin nehmen wir
an, dass das UAV-basierte CSM aufgrund der senk-
rechten Sensorposition Informationen zur Be-
standsdichte enthélt. Folglich erwarten wir eine
niedrigere mittlere Pflanzenhéhe und groBere Vari-
ation in dem UAV-basierten CSM. Die Korrelation
zwischen den Pflanzenhdéhen beider Methoden
wurde analysiert. Ergdnzend wurde eine auf einem
Polygongrid basierende raumliche Analyse (zonale
Statistik) zur Untersuchung des Potentials der Be-
standsdichteanalyse durchgefiihrt. Durch diese
Analyse ist es moglich, den Informationsgehalt der
raumlichen Daten zu maximieren. Dafiir analysier-
ten wir frithe, mittlere und spite Entwicklungssta-
dien in einem Gerstenexperiment und stellten eine
hohe Korrelation (R? = 0,91) zwischen den durch
beide Verfahren abgeleiteten Pflanzenhohen fest.
Die aus dem UAV-Ansatz abgeleitete Pflanzenhdhe
war in allen Entwicklungsstadien 0,04 m niedriger
als die aus dem TLS-Ansatz abgeleitete. Allerdings
war der Variationskoeffizient, entgegen der Erwar-
tung, im TLS-Datensatz hoher (4.81% Unter-
schied).
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1 Introduction

Remote and proximal sensing technologies are
of major importance in the context of precision
agriculture (A1zBERGER 2013) which intends to
improve nutrient, pest, and stress management
to increase yield (MuLLa 2013). An important
crop management approach is the concept of
the nitrogen nutrition index (NNI), which was
introduced in the 1980s (LEMAIRE et al. 1984,
Lemaire et al. 2008). The NNI is calculated
by using the actual measured N content (N, )
and the critical N content (N) of a crop. Nc
is the N content required for maximum bio-
mass production from tillering up to flower-
ing and is empirically determined based on
the dry weight of above ground biomass (Mis-
TELE & ScHMIDTHALTER 2008a). While N_ is
defined for each crop from N-experiments,
the determination of N can be derived by
non-destructive remote or proximal spectral
measurements (GREENwooD et al. 1991, 1986).
The application of the NNI for in-season crop
management further requires information on
dry biomass. The latter can be monitored with
non-destructive sensing approaches using
multi- or hyperspectral sensing, laser scan-
ning, or optical red, green, blue (RGB) im-
aging (BENDIG et al. 2014, EHLERT et al. 2008,
GNyp et al. 2013, Hosor & Omasa 2009, THEN-
KABAIL et al. 2000, TiLry et al. 2015).

For crop biomass monitoring, non-destruc-
tive sensor data have to be acquired accord-
ing to important phenological growing stag-
es supporting management decisions based
e.g. on the before mentioned NNI. For this,
the non-destructive determination of biomass
is essential, because N_, is given in percent-
age of dry matter. Additionally, biomass is a
key parameter for calculating the harvest in-
dex which is used for yield simulations (KE-
MANIAN et al. 2007). A typical approach to es-
timate biomass non-destructively is proximal
or remote sensing (MISTELE & SCHMIDTHALTER
2008Db). Besides these approaches, it is known
that plant height is a strong predictor for bio-
mass (CATCHPOLE & WHEELER 1992, FRICKE &
WacHeNDORF 2013). Therefore, the concept of
multi-temporal Crop Surface Models (CSMs)
was introduced by HorrMEISTER et al. (2010) to
derive plant height from terrestrial laser scan-
ning (TLS) (TiLwy et al. 2014). This concept of

multi-temporal CSMs was transferred to Un-
manned Aerial Vehicles (UAVs) by using RGB
imaging and Structure from Motion (SfM)
data analysis (BENDIG et al. 2013, CRAMER et
al. 2013, Haara & RoTHERMEL 2012). Plant
height from UAV-derived CSMs is also used
with spectral information for yield estimation
(GErpPEL et al. 2014).

CSMs can be acquired in super-high resolu-
tion (< 0.02 m) with laser scanning techniques
or from UAV imagery. And it is proven for ur-
ban environments that SfM-derived Digital
Surface Models (DSMs) can produce similar
data quality like TLS (PErsaAD & ARMENA-
Kis 2015, GRENZDORFFER et al. 2015). A study
by OutbraocGo et al. (2014) compared both
methods for deriving DSMs of agricultural
watersheds and found root-mean-square er-
rors (RMSE) of 4.5 cm for TLS and 9.0 cm to
13.9 cm for the UAV-based DSM (fixed wing
system) in a 12 ha watershed with 1 m X 1 m
resolution. When comparing CSMs from
TLS or UAV campaigns in cropping systems,
a major difference is the sensor viewing ge-
ometry. This difference should be considered
due to the different canopy surface roughness
of varying cropping systems. While UAV ap-
proaches capture the imagery more or less in
nadir view, the TLS system has an oblique ac-
quisition position resulting in non-homogene-
ous point densities (HAMMERLE & HOFLE 2014,
EHLErRT et al. 2013). Consequently, the data
from the two different methods should show
characteristic differences in CSM-derived
plant height (PH) depending on the sensor
viewing geometry and the plant density (PD).
In Fig. 1 the possible effect on the CSM values
is shown.

The potential differences in mean plant
height values shown in Fig. 1 are a result of
canopy surface roughness. Variation in plant
height increases with crop surface roughness.
This variation should be found in data pro-
duced from nadir viewing techniques, while
oblique viewing should smooth the crop sur-
face roughness resulting in less varying plant
height values. Consequently, a hypothesis of
this consideration is that nadir viewing tech-
niques for crop surfaces are a measure of crop
plant height and crop plant density within one
dataset. Therefore, in this study we focus on
(i) the comparison of plant height data derived
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a) Nadir view

PH,, PD,

Fig. 1: The effect of different viewing geometries on the mean plant height values of crop surface
models (CSMs): a) Nadir view: equal plant height (PH,) but different plant densities (PD,, PD,) re-
sult in different mean plant height values (@PH, # QPH,); b) Oblique view: equal plant height
(PH,) but different plant densities (PD,, PD, (middle)) should result in similar plant height values of
nadir and oblique viewing angles (JPH, = @PH,).model projected with initial exterior orientation
parameters, green = 3D building model projected with adjusted exterior orientation parameters.

from UAV imagery and TLS and on (ii) resam-
pling methods keeping descriptive statistics of
the plant height data as a density measure.

2 Material and Methods

2.1 Study Site and Dataset

The dataset used for the UAV and TLS com-
parison was partly collected within the Crop.
Sense.net project activity. Crop.Sense.net
was part of the German Ministry for Educa-
tion and Research (BMBF) networks of excel-
lence in agricultural and nutrition research. In
this study, we used CSMs generated from the
spring barley experiment site in 2013 (TiLLy
et al. 2015, BenpiG et al. 2014). The experi-
ment field was situated at the Campus Klein-
Altendorf agricultural research station of the
Agricultural Faculty, University of Bonn,
Germany (50°37°51” N, 6°59°32” E, 186 m).
We chose 20 preferably heterogeneous plots
each 3 m x 7 m (Fig. 2) for the analysis to pro-

vide sufficient difference in plant density. Al-
though seeding density (300 plants/m?) and
row spacing (0.104 m) were identical in each
plot, plant density effectively varied through-
out the growing season. We analyzed data of
the early (T1 = 28 May), middle (T2 = 12 June
(TLS), 14 June (UAV)) and late growth stages
(T3 =10 July (TLS), 08 July (UAV)).

Fig. 2: Study site: spring barley experiment at
Campus Klein-Altendorf agricultural research
station; black outlines: plots, black numbers:
plot numbers, background: orthophoto (28 May
2013).
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2.2 Plant Height Measurements and
Crop Surface Models (CSMs)

TLS and UAV data were captured preferably
on the same day or at days close to each other.
To ensure comparability, all data were georef-
erenced in the same coordinate system. There-
fore, ground control points and scan positions
were measured with a real-time kinematic
global positioning system (RTK-GPS, HiPer®
Pro by Toprcon, Tokyo, Japan). By establishing
an own reference station, a relative accuracy
of 0.01 m in the horizontal and vertical was
achieved.

Plant height information is derived from
the CSMs representing the top canopy
(HoreMEISTER et al. 2010). An additional Digi-
tal Terrain Model (DTM) needs to be estab-
lished prior to plant development and serves
as a ground model. CSM-derived plant height
is obtained by subtracting the DTM from the
CSM (BENDIG et al. 2013).

2.3 UAV

The UAV system was a MikroKopter MK-
Okto (HiSystems) combined with a Panason-
ic Lumix GXI1 digital camera (16 Megapixel,
Lumix G 20 mm (F1.7 aspheric (ASPH)) fixed
lens) (compare BEnDIG et al. 2013, 2014). The
digital camera was mounted on a gimbal in
nadir position. The pitch and roll movement
of the UAV are compensated by the gimbal to
maintain nadir imagery. Between 342 and 783
images were captured on each date at 50 m fly-
ing height, resulting in 90% forward overlap,
60% sidelap and a ground sampling distance
(GSD) of 9 mm.

The imagery was processed using the StM
technique with Agisoft PhotoScan Profession-
al software (Szeriski 2010, Sona et al. 2014).
The resulting average model point density
was 2,960 points/m?2. 28 ground control points
served as a georeference (measured with the
RTK-DGPS). The resulting CSMs were fur-
ther processed in Esri ArcGIS® 10 to reduce
the CSMs to the plot area of interest (AOI), to
exclude plot boundaries from the analysis (0.3
m on each side), and to subtract the ground
model to obtain the plant height. Prior to ex-
traction of the area of interest, the CSMs were

resampled to 10 mm raster size and smoothed
using 3 x 3 pixel focal statistics (BENDIG et
al. 2013). It was found that smoothing had
no significant effect, hence this step was ne-
glected for future data processing. The typi-
cal height accuracy of the UAV-based CSMs
lies between 15 mm — 30 mm (GRENZDORFFER
& ZAcHARIAS 2014, GEIPEL et al. 2014).

24 TLS

The TLS device was a Riegl LMS-Z420i
time-of-flight scanner with a rotating polygo-
nal mirror allowing measurement rates of up
to 11,000 points/second (RiegL LMS GmbH
2015). A Nikon D200 digital camera (Nikon
AF Nikkor 20 mm /2.8D lens) and RTK-GPS
receiver were mounted on the scanner addi-
tionally (TiLLy et al. 2015).

The study site was scanned from its four
corners with the scanner mounted on a hy-
draulic platform, resulting in a sensor height
of 4 m above the ground. Ranging poles with
highly-reflective cylinders were used to merge
the scan positions during post processing.
Registration, adjustment, merging, filtering
of the point clouds, and the extraction of the
area of interest were carried out in RiSCAN
Pro. The different scan positions were regis-
tered by using the highly-reflective cylinders
as tie points. Remaining alignment errors
were corrected via multistation adjustment (a
RiSCAN Pro functionality). Finally, the point
clouds were reduced to the AOI and the max-
imum points were selected for the crop sur-
face. The average point density after the fil-
tering was 600 points/m? (ranging from 200—
1,700 points/m?) with the point density being
very heterogeneous, due to the radial measur-
ing principle of the static position of the TLS
system. Further processing was conducted in
Esri ArcGIS® 10, including the interpolation
of CSMs by using the inverse distance weight-
ing (IDW) algorithm. Afterwards, the plant
heights were pixel-wise calculated by sub-
tracting a ground model from each DSM to
obtain the CSMs.
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2.5 Raster vs. Polygon Grids

In GIS software products, zonal statistics com-
putes descriptive statistics (minimum, maxi-
mum, range, sum, mean, standard deviation)
from a value raster file for a given set of zones
in raster or vector format. The descriptive sta-
tistics are calculated for each given zone by
considering all raster values within a zone.

In this study, we use polygon grids for re-
sampling and further analysis of plant height
data derived from CSMs. The polygon grid
represents a raster grid which stores features
in vector format. Instead of resampling the su-
per-high resolution plant height raster data to
a coarser resolution, a polygon grid in a given
resolution is created and serves for zonal sta-
tistics analysis in which each single polygon
grid cell serves as an individual zone.

The concept is shown in Fig. 3. The col-
oured raster cells represent continuous plant
height data in super-high spatial resolution
(< 0.01 m). The black outlines represent the
polygon grid in a 0.2 m resolution. Each pol-
ygon grid cell has a unique feature ID and
serves as a unique zone for computing zonal
statistics. The results are stored as fields in the
polygon grid attribute table. In Fig. 3 the re-
sults of the zonal statistics are displayed for
one polygon grid cell. The statistics are com-
puted from the values of 1,024 raster cells.

FID 5910

376,456787
n 3

“ 83§

Identified 1 feature

Fig. 3: Example: CSM in super-high resolution
(< 0.01 m) and a corresponding polygon grid in
0.2 m resolution (black polygon outlines).

Due to the above mentioned row spacing and
seeding density, a 0.3 m polygon grid was pro-
duced for this study from a resampled CSM
raster by converting it into a polygon vector
dataset. The resulting polygon grid served as
zone data for calculating the descriptive sta-
tistics. We chose the mean plant height and
the coefficient of variation (CV, i.e. the ratio
of standard deviation and mean) for further
analysis.

3 Results

According to the objectives of the study, the
results for the comparison between UAV-de-
rived plant heights and TLS-derived plant
heights are divided into a direct comparison
and the polygon grid analysis.

3.1 UAV-CSM vs. TLS-CSM

The comparison of TLS- and UAV-derived
plant height from corresponding CSMs is pre-
sented in Fig. 4. The data represent the av-
eraged plant height per plot of the above de-
scribed barley experiment for three dates in
2013 (n = 60). As hypothesized in the intro-
duction, the UAV-derived plant height data
with nadir view have lower values compared
to the TLS-derived values with the oblique
view. However, the differences are much
smaller than expected, but, as shown in Fig. 5,
in the early growing season (T1) the differenc-
es are more characteristic than in later growth
stages after canopy closure (T2). The latter is
due to a smoother canopy surface. In the very
late growth stage (T3) the TLS data are high-
er but no clear trend is observed. In general,
CSM-derived plant height derived from both
methods is closely related resulting in a R? of
0.91 overall growth stages and for T1, T2, and
T3, in R? 0f 0.57, 0.72, and 0.26, respectively.

3.2 Polygon Grids for CSM Analysis

For this study, a 0.3 m polygon grid was pro-
duced from a resampled CSM raster by con-
verting it into a polygon vector dataset repre-
senting continuous raster data in vector data
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Fig. 4: Scatter plot for plant height from UAV
and TLS (m) for observation dates T1 (light
green), T2 (dark green), T3 (orange) (n = 60).
Solid line = regression line, dashed line = 1:1
line, R? = coefficient of determination; p <
0.0001.

format. The resulting polygon grid serves
as zone data for calculating descriptive sta-
tistics for each polygon grid cell using zon-
al statistics in ArcGIS®. The results for the
computed mean plant height and CV are pre-
sented in Figs. 6 and 7. As already shown in
Fig.4 and hypothesized in the introduction,
the mean plant heights of the UAV approach
tend to be lower compared to that in the TLS
approach. The difference is clearly visible in
Fig. 6. Overall, the cells of the UAV polygon

grid are dominated by colours representing
lower plant height values than the TLS ones in
all three growth stages. But surprisingly, the
plant height pattern within the plots seems to
be very different between the two methods in
all three growth stages.

However, the computed CV shown in Fig. 7
clearly shows that the plant height values of
the UAV approach vary less compared to the
TLS data in all plots and in all three growth
stages. Furthermore, it is again clearly visible
that the two methods show different spatial
patterns within the plots. This difference in
the coefficient of variation was not expected
and contradicts the working hypothesis that
the oblique viewing angle of the TLS produces
smoother surfaces with lower variance in the
plant height values.

4 Discussion and Conclusion

The focus of this study was the comparison
of CSM-derived plant height in agricultural
crops from terrestrial laser scanning (TLS)
and unmanned aerial vehicle (UAV)-based
imaging by using analyses based on polygon
grids. The accuracy of both the TLS-derived
and the UAV-based plant height is comparable
and can be used for non-destructive determi-
nation of plant height and biomass. Our previ-
ous, multi-temporal studies showed that TLS-
derived plant height explained 88-95% and
UAV-based plant height explained 92% of the
variation in plant height compared to manual
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Fig. 5: Scatter plots for plant height from UAV and TLS (m) for each observation date T1, T2, and
T3 (n = 20). Solid line = regression line, dashed line = 1:1 line, R2 = coefficient of determination; p
< 0.0001.
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measurements (TiLLy et al. 2014, 2015, BENDIG
et al. 2013, 2014). Furthermore, the correlation
is high between the TLS- and the UAV-derived
plant height in this study (R? = 0.91). However,
when comparing different growth stages the
correlation is lower for later growth stages.
A possible explanation could be that the ef-
fect of different viewing geometries increas-
es when canopy properties change. GRENZz-
DORFFER & ZACHARIAS (2014) indicated that
wind might affect measurements in senescent
grains stronger and that UAV-based plant can-
opies contain different numbers of soil pixels
in different growth stages. The same is prob-
ably true for the TLS approach but potentially
does not have a similar effect due to the differ-
ing viewing geometries. Due to calm weather
conditions during the field campaigns, wind
most probably did not influence our analysis.
It was hypothesized that the different view-
ing geometries, oblique (TLS) versus nadir
(UAV), result in higher variance of the UAV-
derived plant height data and in lower mean
plant height values. Therefore, the nadir view-
ing angle provides mean plant height infor-
mation which includes a plant density meas-
ure. The latter was indicated by BARETH et al.
(2015) for a grassland experiment where UAV-
derived plant height was evaluated against ris-
ing plate meter measurements, which repre-
sent a compressed plant density-dependent
height information, resulting in an R? of 0.89.
But in our study the introduced hypotheses
could not be proofed completely. While the
mean plant height values indicate the expect-
ed trend for the TLS- and UAV-based crop
surface models (CSMs) with the UAV-derived
values being 0.04 m lower on average, the
hypothesized explanation based on the high-
er CSM roughness could not be proofed. We
expected a higher variance in the UAV data
compared to the TLS data. In fact, the coef-
ficient of variance being 4.81% higher in the
TLS data showed the contrary. The data ob-
tained from the two different methods exhib-
ited different spatial patterns, which were not
expected either, due to the high correlation be-
tween the mean plots. A reason could be the
data processing of both approaches, which in-
cludes filtering and resampling. In our study,
we just compared the final processed CSM-
derived plant height values. Consequently,

we propose that a comparison of the original
datasets, the point clouds, would be more ap-
propriate in the future. For the latter, a key is-
sue — and to our knowledge this was not dis-
cussed before — a new measurement protocol
for the destructively measured ground truth
must be developed. The traditional agronomic
plant parameter measurements do not fit the
accuracy of these sensing approaches. The
plot-wise determination of ground truth is just
not sufficient because it does not capture the
spatial variability of plant height or biomass in
the resolution of several cm or dm. Therefore,
we propose the manual acquisition of continu-
ous RTK-based plant-height profile measure-
ments in the same resolution as the sensing
approaches deliver. The same accounts for the
biomass sampling, which must be taken from
individual plant with known locations. Only
with such ground truth data, the real and new
potential of nadir- or oblique-derived CSMs as
a plant height and plant density measure can
be further investigated.
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