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Abstract

Background: Recent declines of honeybees and simplifications of wild bee communities, at least partly attributed
to changes of agricultural landscapes, have worried both the public and the scientific community. To understand
how wild and managed bees respond to landscape structure it is essential to investigate their spatial use of foraging
habitats. However, such studies are challenging since the foraging behaviour of bees differs between species and can
be highly dynamic. Consequently, the necessary data collection is laborious using conventional methods and there is
a need for novel methods that allow for automated and continuous monitoring of bees. In this work, we deployed an
entomological lidar in a homogenous white clover seed crop and profiled the activity of honeybees and other ambi-
ent insects in relation to a cluster of beehives.

Results: In total, 566,609 insect observations were recorded by the lidar. The total measured range distribution was
separated into three groups, out of which two were centered around the beehives and considered to be honeybees,
while the remaining group was considered to be wild insects. The validity of this model in separating honeybees from
wild insects was verified by the average wing modulation frequency spectra in the dominating range interval for each
group. The temporal variation in measured activity of the assumed honeybee observations was well correlated with
honeybee activity indirectly estimated using hive scales as well as directly observed using transect counts.

Additional insight regarding the three-dimensional distribution of bees close to the hive was provided by alternating
the beam between two heights, revealing a “funnel like" distribution around the beehives, widening with height.

Conclusions: We demonstrate how lidar can record very high numbers of insects during a short time period. In
this work, a spatial model, derived from the detection limit of the lidar and two Gaussian distributions of honeybees
centered around their hives was sufficient to reproduce the observations of honeybees and background insects.
This methodology can in the future provide valuable new information on how external factors influence pollination
services and foraging habitat selection and range of both managed bees and wild pollinators.
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Background, motivation and aim

The decline of insect numbers in recent years has wor-
ried both researchers and the public [1]. Pollinators and
in particular bees and hoverflies provide essential ser-
vices in terms of pollination of wild plants [2] and crops
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of honeybees [6] and simplifications of wild bee com-
munities [7], has caused considerable concern [8]. The
decline of wild pollinators has been attributed to a mul-
titude of factors, such as landscape simplification caus-
ing loss of foraging and nesting habitat, increased use
of pesticides, spread of diseases and potentially also
direct competition with managed pollinators [8, 9]. The
decline of managed bees is instead mostly related to
socio-economic factors, including lack of profitability
of bee keeping [10], which may, however, be related to
landscape structure [11].

To generate a mechanistic understanding of how both
wild pollinators and honeybees respond to landscape
change and to monitor the pollination services they pro-
vide, it is essential to investigate their spatial use of forag-
ing habitats. Bees are central place foragers, that have to
find food for their offspring in the vicinity of their nests
[12, 13]. For wild bees, a major reason for their decline is
thought to be a loss of a continuous forage supply across
the season and sufficiently close to the nest [14]. How-
ever, since bee species differ in their foraging ranges, the
consequences of landscape simplification may be species
dependent [15-17]. Similarly, the benefit of managing
honeybees may depend on the forage landscape sur-
rounding hives [11], with consequences for the interest
of bee keepers to manage hives for honey production.
Finally, honeybees and wild pollinators may to a smaller
or larger extent share flower resources,, suggesting that
they may compete [18, 19]. The scope and consequence
of competition may depend on their foraging ranges [20],
for example whether or not wide-ranging species such
as honeybees are able to outcompete less mobile spe-
cies in simplified landscapes [21]. Knowledge about the
use of foraging habitat and mobility of bees is, therefore,
essential when designing mitigation measures to coun-
teract ongoing pollinator declines, e.g., to safeguard crop
pollination.

Although knowledge of habitat selection and forag-
ing ranges of bees is essential, there is a lack of informa-
tion on how it varies between species, landscape types
and over time. The major reason for this is that studies
of habitat use and foraging movements are challeng-
ing. For example, their foraging may show spatio-tem-
poral dynamics [22-24] that can differ between species
[25, 26], resulting in a requirement of extensive data to
describe their use of foraging habitat. Conventional
methods to determine habitat use, such as pan-traps, fail
to produce fine time-resolved data and may result in bias
because of bees being attracted to the traps [27]. Other
methods, such as Pollard walks, require considerable
resources and may produce data that are so scarce that
they need to be pooled over space or time for analyses
[28]. Hence, there is a need for methods that allow for
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time-continuous monitoring of bees and can accurately
resolve different taxonomic groups.

Detection of insects with radar was demonstrated as
early as 1949 [28] and entomological use of radar has
since been considerably refined [29, 30]. It has in par-
ticular been applied to monitor large insects, such as
moths and locust, migrating at heights of hundreds of
meters. Using existing weather radar infrastructure, large
amounts of data can be made accessible for radar ento-
mology [31, 32]. The monitoring of foraging insects close
over the ground is challenged by ground clutter noise but
harmonic radar systems [33, 34], where a nonlinear diode
is glued to the insects, can track individual insects at low
altitudes [35]. However, the technology is limited to mon-
itoring insects strong enough to carry the antenna and is
unsuitable for monitoring large numbers of insects.

Inspired by progress in entomological radar and
early entomological lidar [36, 37], lidar entomology has
evolved [38] and overcomes many of the challenges for
remote monitoring of insects near the ground. Lasers and
the shorter wavelengths used in lidar allow for increased
sensitivity and superior beam control in terms of collima-
tion and side lobes. This makes it possible to use lidar in
cluttered environments, e.g., embedded in forest vegeta-
tion [39], or just above ground in agricultural fields [40,
41]. In recent years, it has been used in several applica-
tions due to its capability of recording large number of
observations in short time [40, 42, 43]. Lidars can provide
sufficient statistics of insect activity within minutes and
the retrieval of modulation properties provide some dis-
crimination between groups, although not yet to species
level [43]. Lidar instrumentation has earlier been used to
monitor honeybees [44] but to date there are no studies
attempting to capture the whole foraging range through-
out the day.

To evaluate the feasibility to monitor honeybee activ-
ity separately from the activity of other insects, we set up
an entomological Scheimpflug lidar [45] to monitor the
honeybee activity in a pollinator-dependent crop, white
clover for seed production (Trifolium repens L.). In addi-
tion to the lidar measurements, the activity of honeybees
was measured using modified Pollard walks [46] and
hive scales, measuring the weight of the hives over time.
In this paper, we aim to show the ability to distinguish
between honeybee and general insect activity using a
spatial model rather than individual classification of each
insect observation.

Materials and methods

An entomological kHz lidar was used to monitor the
honeybee and insect activity in a 755 m transect over a
white clover field for seed production in Denmark on 4.
to 6. July 2017. The field contained 6 clusters with ca 20
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beehives each for pollination services, as shown in Fig. 1.
For ground truthing, Pollard walks and hive scales were
used to monitor the honeybee activity. The measure-
ments were carried out from 11:20 to 20:35 on 4 July,
from 08:50 to 20:15 on 5 July and 09:00-15:00 on 6 July
(local summertime).

Study site

The study site was a 300*1000 m white clover field
located on the island of Lolland, Denmark (54°46’ 15.7" N
11°36’ 25.5" E). This site was selected for its flatness. The
field was surrounded by hedges along the long sides and
a small deciduous forest in the far end (Fig. 1). Within
the field, there were two flower strips with a mix of lacy
phacelia (Phacelia tanacetifolia) and buckwheat (Fag-
opyrum esculentum) to attract and support insects. The
white clover crop was established with an even plant den-
sity resulting in 1331 flowerheads per m?* (average of six
samples 12.5x 50 cm). At the time of the experiment,
the white clover was in full bloom. On the eastern side,
a wheel track ran along the field. The surrounding area
contained agricultural fields and small forests.

Lidar instrumentation

The lidar instrument was purchased from Norsk Ele-
ktro Optikk AS, Norway. It resembles the ones earlier
described in [40, 47, 48]. Briefly, in this study, the light
from a 3 W 808 nm laser diode was expanded using a
beam expander with 500 mm focal length and 102 mm
aperture. The emitted light was focused on a neoprene
covered termination board at 755 m and a tree at 1000 m
distance (Fig. 1). The back-scattered light from insects
entering the beam was collected by a Newtonian tel-
escope with 200 mm aperture and 800 mm focal length.
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To reduce the amount of background light in the system,
the collected light was filtered by a 3 nm wide bandpass
filter. The filtered light was recorded by a 2048-pixel
(14 x 200 pum pixel size) silicon line scan camera mounted
according to the Scheimpflug principle at 45° angle. The
optical instrumentation was mounted on a tripod and
protected from weather by a 3 x3 m tent. Power was
supplied by a mains connection from a residential house
at the field border.

The laser beam was aimed ca. 2 m west of the south-
eastern beehive cluster ca 180 m along the beam (Fig. 1).
On 6 July, the height of the beam was alternated in height
between the termination plate and a tree at 1000 m every
15 min to profile the activity at two heights. The beam
height above ground was measured on site at 15 loca-
tions along the transect and varied from ca 0.5 m close
to the lidar to 2.5 m at the highest point for the lower
beam. These measurements where combined with open
source terrain data available from the Danish elevation
model [49] and a linear model was used to interpolate the
beam’s height above the terrain along the full transect.

Data processing

The lidar recorded 35 000, 16-bit exposures at 3.5 kHz
into a file of 10 s duration. The laser was synchronously
modulated with the 3.5 kHz sampling frequency such
that every second exposure was taken with the laser
turned off. Between each file, there is an average gap
of ~1 s due to data transfer which yields an average tem-
poral fill-factor of~90%. As in previous work [48], the
frames, recorded when the laser is off, are subtracted
from the frames recorded with the laser turned on
yielding synchronized lock-in detection. This detection
scheme allows the lidar to record insect echoes during
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Fig. 1 Schematic of the field and experiment layout. The lidar beam passed ca 2 m from the beehives, ca 1.5 m above the ground. Satellite image
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daytime by removing the influence of background illu-
mination and yields a time-range map, as exemplified in
Fig. 2. Subsequently, the 10 s median intensity at each
pixel is subtracted to remove static signals from atmos-
pheric backscattering.

The Scheimpflug ranging principle is based on trian-
gulation and thus the pixel number corresponds tangen-
tially to the range [50-54]. Insect observations, as the
one shown in Fig. 2b, were automatically extracted from
the raw data using a slightly adapted version of the algo-
rithm described in detail in [48]. An insect observation
is defined as a sequence of above-threshold signals pro-
duced when an insect transits the beam. Each observa-
tion thus consists of a single insect trajectory through
the beam. In total over 3 days, 566 609 individual insect
observations were recorded by the lidar during a total
measurement time of 23 h and 15 min.

Ground truthing

Two 45 m modified Pollard walks were conducted every
hour at two different transects ca 150 m from the bee-
hives, as shown in Fig. 1 [46]. The first was a 100 cm wide
area between two wheel tracks for field operations in
the white clover. The second was a 150 cm wide flower
strip with phacelia and buckwheat. The transect walks
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Fig. 2 a Lidar raw data example. The time-range map reveals a large
number of insect observations by the beehives at 180 m. At the

top of the image, the static echo from the termination is visible as a
continuous line at 755 m. The signal intensity over range is shown in
the vertical plot to the left with maximum, median and interquartile
range (IQR) signals in orange, blue and green. Likewise, the signal
over time (up to 700 m) is shown in the horizontal plot at the bottom.
b Cut out showing an insect observation, where the wingbeats are

visible as vertical stripes
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were conducted by various operators at the site, in total,
5 different persons, counting all honey- and bumblebees
foraging, resting or flying between the wheel tracks or
within the flower strip. Due to a limited number of bum-
blebees observed (<50 in total), we only used honeybee
counts in the further analyses. On average, ca 40 bees
were observed by each observer and Pollard walk and in
total, 5730 honeybee observations were made.

Two of the beehives were remotely monitored by the
beekeeper and the weight was logged every second hour.
The change in weight over the course of the day is deter-
mined by the number of bees in the hive as well as the
amount of collected pollen and nectar. We assume that
all bees are inside the hives at midnight, thus represent-
ing the total weight of bees and the hive, W, ,. By linearly
interpolating the change in hive weight from midnight to
midnight, we can then, for every two hours, subtract the
measured “hive weight’, Whriye, which is removed from
each weight measurement:

WBee = Wiot — WHive (1)

where Wp,, represents the lost weight of the bees in the
hive when they are out foraging, assumed to be directly
correlated to the number of bees in the hive and, there-
fore, negatively correlated to the flight activity. This
weight loss will of course also be affected by the amount
of pollen and nectar collected and consumed between
each 2-h sample, this is ignored in our model.

Weather data was collected by a small weather station
with 30-min resolution monitoring temperature, humid-
ity, air pressure, wind speed and wind direction. In gen-
eral, the weather was stable with temperatures between
15 and 25 degrees Celsius, varying sun and cloud cover-
age and low winds during the entire measurement period.

Measurement results and data analysis

The distribution of insect recordings over time and range
is shown in Fig. 3. Half of the observations were recorded
within 11 m of the beehives. The maximum activity
recorded by the lidar was reached between 14:45 and
15:00 with a total of 10 807 insect observations along the
whole transect and 26 insect observations per meter and
minute.

The measured insect activity over range during the
peak activity is plotted in Fig. 4. From the gathered lidar
data, we hypothesized that the spatial distribution of
insect activity can be explained by three types of obser-
vations: hive activity, due to honeybees flying around
near the hives, honeybees foraging within the field and
background activity from wild insects. The activity from
male drones is neglected in this model, since they gen-
erally only make up less than 10% of the total popula-
tion in a beehive [55, 56]. Drones can aggregate in drone
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congregation areas (DCAs), but these generally occurs at
higher altitudes than we’ve monitored in this study [57].
To quantify the honeybee and wild insect activity we
used a spatial model to decompose the observed range
distribution into these three components. In simple
terms: insect distributions centered around the beehives
are assumed to be either clustering, or foraging bees. This
is modelled as

(V,t) :Nw(r:t)+Nfo(rrt)+Nhive(r’t) (2)

where N, is the number of wild insects, Ny, is the number
of foraging honeybees and N, is the hive activity from
honeybees located near the hives.

The distribution of wild insects is defined as a negative
exponential function:

Ny (r, t) = Now(6)r*?,35 < r < 755 (3)

where r is the range from the lidar, and « is a nega-
tive parameter which depends on the optical proper-
ties of the targets. This reciprocal distribution is caused
by the reduced sensitivity of the lidar with range and
the expected measured result from insects distributed
homogenously in the field [54].

The hive activity and foraging honeybees are modelled
as Gaussian distributions, N, and Nj, centered around
the beehive cluster:

_ r=ree)?
R(Ct)z (4)

Nfo(rr ) = NOfo(t)e

where Ny, is the maximum number of observations, r. is
the centre position and R is the width of the curve.

The model in Egs. (2)—(4) has 8 free parameters and
was fitted to aggregated range distributions with a bin
width of 2 m, yielding 360 datapoints from 35 to 755 m.
using Scipy’s optimization package [58]. The model was
fitted to 15 min subsets of the collected insect observa-
tions and had an average adjusted r-squared correlation
coeflicient of 0.96 with a standard deviation of 0.026.

The foraging distribution (shown in purple in Fig. 4)
includes both flights to and from foraging sites as well
as actual foraging flights. The width of the foraging dis-
tribution describes the foraging range from the beehives
and has an average full width half maximum of 153 m
throughout the full measurement period, with a standard
deviation of 50 m.

All insect observations were split into three groups,
matching the regions, where N,,, N, or N, dominated the
model as illustrated in Fig. 4. To investigate the assump-
tion that these groups consist of different insect spe-
cies, we estimated the modulation powers of a sample of
insects selected in the dominating range interval of each
group by the Welch method [59]. In Fig. 5, the median
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power spectra from 500 random observations recorded
in r,, r, and r, is presented. We see that both honeybee
distributions have a strong peak around 180-220 Hz
which fits well with the expected wingbeat frequency for
honeybees from literature [60—62]. Wild insects show a
different distribution with lower and more varied wing-
beat frequencies than the clustered and foraging bees.
We only counted honeybees and bumble bees during
the Pollard walks but many other small insects can be
expected to be active in the field.

Fitting the spatial model to all data, the number of wild
insects, clustering and foraging bees can be estimated
for the full measurement period. The result is plotted
together with the ground truthing results in Fig. 6. The
lidar was shut down for ca 20 min due to computer prob-
lems on 4 July around 11:00 and thus, some data points
are missing in Fig. 6. The lidar data from 6 July is shown
separately in Fig. 7.

In Fig. 6a, b, we see that the hive activity and foraging
bees show a strong daily pattern, where activity rises

during the morning, reaches peak activity around 14:00
both days, slightly after the solar noon at 13:18 [63] and
decreases in the afternoon. In contrast, the wild insect
activity shows a more consistent activity throughout
the day, and even increases throughout the entire sec-
ond day.

The lidar measurements of bee activity show good cor-
relation with the reference measurements (Table 1). The
correlation between the Pollard walk counts and hive
scale measurements were calculated by linearly interpo-
lating between the two closest sample points of the hive
scales to each Pollard walk. The correlation between the
Pollard walks and the lidar was calculated by interpolat-
ing the between the two closest 15 min recording inter-
vals to each Pollard walk. Since the lidar was alternated
between a higher and lower transect during the third
day, it gradually became un-aligned and recorded fewer
and fewer observations in each timeslot. Lidar data from
6 July is, therefore, not comparable to the two previous
days or used in the correlation calculations.
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The transect walks by the wheel track show a slightly
better correlation with hive and lidar measurements than
the flower path, possibly because the honeybees were
easier to spot in the low clover crop than in the flower
strip. The lidar shows slightly better correlation with the
loss in hive weights than with the Pollard walk observa-
tions. This is also shown in Fig. 8.

Analyzing lidar data from the third day when the beam
was altered between two transects, we find ~68% more
bees in the lower transect than in the upper. The bees
observed near the beehives in the upper transect are also
more dispersed, as shown in Fig. 7a, b. The average wing-
beat frequency spectra in the lower and, respectively,
upper transect are shown in Fig. 7c. By fitting a spectral
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model from [64], the fundamental frequency in the lower
and, respectively, upper transect can be estimated. With
an explanation grade for the model of>98%, the funda-
mental wingbeat frequency was calculated to 179.6 Hz
with in the lower transect and 191.5 Hz in the upper
transect. Confidence intervals were 178.8 Hz to 180.4 Hz
and 191 Hz to 192 Hz, respectively.

Discussion

In this study, we have separated hive activity and forag-
ing bees from wild insects. The measured activity is cor-
related with alternative measures of activity obtained by

hive scales and Pollard walks. The average foraging dis-
tance is estimated and the insect distribution close to the
hives is profiled by multiplexing the height of the beam.
The large abundance of honeybees in this experimental
setup made it possible to assume that the vast majority
of insects centered around the beehives were due to hive
activity or foraging honeybees. While there were sev-
eral beehive clusters in the field, the selected cluster was
relatively isolated from the others and we could assume
that insects showing a different spatial distribution were
other insects. This made it possible to calculate the hon-
eybee activity and foraging range without individually
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Table 1 Relationships (Pearson correlation coefficient R, p value p and number of time intervals used N) between alternative
measures of honeybee activity

Pollard walk counts, wheel Pollard walk counts, flower Wy loss Wy loss
track path hive 1 hive 2
Pollard walk counts, R:0.811
flower path p:5.1 %107
N: 26
Wiee l0SS R:0.846 R:0.638
hive 1 p:1.08 x 107° p:843x 107
N: 32 N: 32
Wpee l0SS R:0.874 R:0.832 R:0.821
hive 2 P:6.76x 107" p:369 % 107° p:230% 10710
N: 32 N: 32 N: 38
Lidar bee counts R: 0.607 R:0.526 R:0.725 R:0.777
(Nie+Npy) p:1.65x 1073 p:829x 107 p:861x107° p:7.00x 1077
N: 24 N: 24 N: 29 N: 29
R: 0.569, p: 2.5e-05 R: 0.745, p: 2.1e-11
Datapoints: 48 a) Datapoints: 58 )
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Fig. 8 Measured honeybee activity from the lidar is correlated with the observations from the transect walks (a). The correlation is even stronger
between the lidar and the hive weights (b). The interpretation could be that the lidar and hive scales measure all flight activity, whereas the Pollard
walks only measure bees foraging in part of the field

classifying each observation. This simplification was
validated by the frequency spectra shown in Fig. 5. The
drone activity was ignored as they only make up a rela-
tively small fraction of the individuals in a beehive.

The lidar, beehive scales and manual transect walks
all show good agreement on the honeybee activity
(Table 1). However, using the beehive scales to monitor
activity is based on the approximation that the weight
is linearly changing by a constant rate from midnight
to midnight. This is an assumption; the weight of the
hives depends on the feed brought into the hive, the
feed eaten and the weight of the bee population within

the hive. The lidar measurements are more strongly
correlated with the hive scales than the Pollard tran-
sects. One interpretation is that the hive scales and
lidar measure all flight activity, while the Pollard tran-
sects mainly record flower visits and flights close to
the ground level. Alternatively, the Pollard counts are
prone to more random variation, caused by observa-
tions of shorter time duration, smaller spatial scale cov-
ered and bee detectability. In addition, both the lidar
and the hive scales are more strongly correlated with
the activity in the wheel track than in the flower strip.
This could indicate that the bees from the monitored
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hive were mainly foraging in the nearby white clover, or
that the honeybees were more difficult to count in the
high growing flower strip.

By modulating the beam between a lower and higher
path, we profiled the honeybee activity at two heights.
The fewer and more dispersed insects in the upper beam
seems to indicate a “funnel like” distribution of bees over
the beehives, widening with height, as shown in Fig. 7a, b.
Orientation flights of new workers have been described
as a spiral widening with height and could contribute to
this distribution [65]. However, the number of orienta-
tion flights is expected to be low compared to the num-
ber of foraging flights. In addition, the insects observed
in the upper beam had 7% higher wingbeat frequency, as
can be seen in Fig. 7c. If returning bees carrying nectar
and pollen have a higher wingbeat frequency, the results
indicate a scenario, where bees leave the hives flying close
to the ground for foraging. Once fully loaded, ca 150 m
from the hive, they return to the hive on a higher trajec-
tory, as illustrated in Fig. 9. However, a recent study based
on a limited number of measurements failed to find a
correlation between weight load and wingbeat frequency
[61]. Other work on bumble bees show that payload ini-
tially affect flight pitch angle and that the wing beat fre-
quency is only increased in extreme cases [66]. Wingbeat
frequency increases with temperature, and since the air is
expected to be warmer near the ground, a thermal differ-
ence between the beams is unlikely to be the cause.

A few previous experiments used a “scanning” beam to
map insect activity in three dimensional space [67], but to
our knowledge this is the first time this is combined with
automated algorithms for individual event extraction on
a large number of observations. In this work, the beam
was moved manually and only vertically but the logical
progression would be to alternate the beam horizontally
over more transects and automate the movement. One
could also employ a 2D detector chip in combination
with a laser sheet [68]. This would allow a 2D model of
the foraging range within the field. We wish to explore
this in future studies. Although this experiment only cov-
ered total of ~ 23 h of recordings, the high number of col-
lected recordings allows statistical analysis of temporal
changes with 15 min resolution. This is to the best of our
knowledge not possible with any other insect monitoring
method.

In this study, the range distribution of the foraging bees
had an average full width half maximum of ~ 150 m. This
can be compared to studies in the literature which finds
that foraging ranges vary from 45 to 6000 m, with aver-
age foraging distances typically around 600 m to 800 m
depending on colony size, foraging resources and time of
year, with shorter distances in early summer [69, 70]. In
this field, the hives were placed in the middle of a food
source which has been shown to result in shorter forag-
ing distances [23]. However, as discussed in Fig. 4, the
sensitivity of the lidar decreases with range due to the
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optical configuration. Therefore, the minimum detect-
able target size decreases with range, and in addition, the
beam’s elevation over the crop is also varying along the
transect. This makes it hard to quantitatively compare the
activity at different distances [23]. A future more com-
plex parameterization model could take these parameters
into account as discussed in [54] and investigate inhomo-
geneous distributions of wild insects, pollinator competi-
tion and displacement of wild pollinators.

Outlook

Since the height of the beam strongly influences the
number of detected observations, it is challenging for
lidar entomologists to compare insect activity levels at
different locations. Regardless, the instrumentation can
be a vital tool to investigate the behavior of bees and wild
insects. In this study, a simple spatial model was relied on
to discriminate target types and provide quantitative esti-
mates of their relative occurrence. As characterization of
the scattering properties of individual insects develops,
discrimination at the level of individual transit observa-
tions may become possible [71-73].

While instrumentation used in this study is commer-
cially available, it currently requires skilled technicians
for alignment and operations. As the entomological lidar
community is growing and research groups are active in
several countries and continents, there are good pros-
pects for the methodology becoming accessible for ento-
mologists and ecologists in general.

Conclusions

We deployed an entomological lidar in a homogenous
flowering white clover field and profiled the honey-
bee activity around a cluster of beehives over time. By
decomposing the observations into hive activity, forag-
ing honeybees and wild insects the number of honey-
bees engaged in flight activities could be estimated and
showed good correlation with estimates from hive scales
and Pollard walks. In addition to counting the number
of active bees, average foraging distance was estimated.
In addition, the three-dimensional distribution of hon-
eybees around the hives was investigated by moving the
beam between an upper and lower height.

This work has shown the ability to record very high
number of insects during a short time period, which
allows the study of insect activity with a very high tem-
poral resolution. We propose that lidar monitoring can
change pollinator research in the future by providing val-
uable new information on how external factors influence
pollinator activity.
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