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Abstract – The waggle dances of European honeybees provide important information that can be used to estimate
forage areas and identify food resource limitations. However, manually decoding these dances is labor-intensive.
This study develops an automatic waggle decoding method applicable to video recordings taken in field apiaries
using a generic camcorder with a normal frame rate. Particle image velocimetry was used to detect the typical
characteristics of abdominal waggling in bees. We demonstrated our proposed method using video recordings taken
at three hives in field apiaries. The decoded information was used to estimate forage area, which was compared
against estimates obtained from manual decoding. For all three video recordings, we obtained a 78–87% overlap in
the probable forage regions estimated using automatic and manual decoding. Our results suggest that our automatic
decoding method is comparable to manual interpretation for the purposes of forage area estimation.

direct cross-correlation / forage area probabilitymap / image processing / PIV / Python

1. INTRODUCTION

The European honeybee (Apis mellifera ) plays
a critical role in global honey production and crop
pollination. As the demand for managed crop
pollinators has risen in recent decades, a stable
supply of bee colonies has become increasingly
important for maintaining food production (Aizen
and Harder, 2009; Aizen et al., 2008; Klein et al.,
2007). Whereas commercial bumblebee produc-
tion for crop pollination is now industrialized in
enclosed environments (Velthuis and van Doorn,

2006), honeybee-rearing is still reliant on open
environments, which are increasingly being im-
pacted by land-use change and intensive agricul-
tural management (IPBES, 2016). In the face of
these changes, providing adequate floral resources
around field apiaries is crucial for maintaining
crop pollination (Requier et al., 2015). Conse-
quently, much attention has focused on identify-
ing the forage area of honeybees in order to un-
derstand seasonal and spatial patterns in food
resource preference and limitation (Couvillon
et al., 2014a, 2014b; Park and Nieh, 2017;
Steffan-Dewenter and Kuhn, 2003), as well as to
assess the risk of pesticide exposure (Danner
et al., 2014; Garbuzov et al., 2015) and evaluate
whether managed pollinators are effective for the
target crop (Balfour and Ratnieks, 2017).

The honeybee waggle dance is a communica-
tion tool used by foraging bees to relay the
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location of attractive resources to their hive (von
Frisch, 1967). The information derived from
decoding this dance can be used to estimate forage
area (Schürch et al., 2013). However, manual
decoding protocols are labor-intensive both in real
time and with digital video recordings (Wario
et al., 2017). To address this issue, recent studies
have used advances in computer technology to
detect waggle dances from video data automati-
cally (Kimura et al., 2011; Wario et al., 2015,
2017). Yet most such techniques require a labora-
tory environment equipped with artificial lighting
or a relatively high-performance camcorder re-
cording at a high frame rate. Consequently, these
techniques are difficult to apply to video record-
ings taken under natural light in field apiaries,
where the forage area estimation results are need-
ed to rear the bees efficiently.

The present paper develops a new method ap-
plicable to videos from field apiaries using a ge-
neric camcorder recording at a standard frame
rate. Some existing methods can successfully ex-
tract dancing behavior from trajectories recorded
using video tracking software equipped with im-
age cognition technology to identify individual
bees (e.g., Feldman and Balch, 2004; Kimura
et al., 2011; Takahashi et al., 2017). Such methods
for labeling and tracking multiple bees are neces-
sary to identify waggle dances, which are com-
prised of a series of waggle and return runs per-
formed by an individual bee, as well as more
generally to understand behavior and communi-
cation in social animals (Kimura et al., 2011,
2014). However, these methods are not yet capa-
ble of decoding waggle dances automatically.
Wario et al. (2017) proposed a method for detect-
ing waggle runs without trajectory monitoring of
labeled bees, which would be a practical and time-
saving innovation for estimating forage area. In
this study, we adopt the same approach (Wario
et al., 2017), which focus on detecting waggle
runs through framewise pixel-based image analy-
ses to decode run duration (corresponding to the
distance from hive to forage site) and vertical
orientation (corresponding to the bearing to a
forage site relative to the sun’s azimuth). Since
the purpose of our proposed method is to analyze
video recordings from field apiaries, we assumed
the use of generic camcorders and developed an

analytical framework to detect the typical charac-
teristics of the abdominal waggling movement
using less sophisticated equipment than in similar
studies such as Wario et al. (2017). The perfor-
mance of our automatic waggle run decoding
procedure was evaluated by comparing forage site
estimation maps derived from automatically and
manually decoded waggle dance data.

2. MATERIALS AND METHODS

2.1. Automatic waggle detection

Particle image velocimetry (PIV) was
employed to detect abdominal waggling in danc-
ing bees. PIV is usually used to measure velocity
fields in experimental fluid mechanics. In this
technique, the motions of illuminated tracer parti-
cles in a fluid flow are analyzed to calculate fluid
movement by measuring particle displacement in
time-consecutive image frames (Adrian, 1991).
To obtain velocity fields, an adequate number of
lattice points are generated for each image, and an
interrogation window is centered on each lattice
point. Then, the displacement velocity for each
interrogation window is calculated by finding the
most similar image area within a search window
in the next frame using a cross-correlation analy-
sis (Keane and Adrian, 1992).

We hypothesized that PIV techniques could be
used to quantify waggle motions by considering
bees (which stand out due to their bright colora-
tion) on a honeycomb as tracer particles. In pre-
liminary tests, we confirmed that waggle motions
could be distinguished in PIV velocity fields due
to the large velocities associated with rapid ab-
dominal movement. However, large velocities oc-
curred in other bee behaviors such as flight. To
distinguish waggles from non-dance motions, we
developed the following procedures. In videos
taken with a relatively slow frame rate (about 30
frames/s), which is equivalent to approximately a
half cycle of the waggle frequency (about 10 to 16
Hz; Wario et al., 2017), a dancing bee appears to
move in one direction in a pair of adjacent frames
(the frame numbers t and t + 1, or the velocity
field at time t ) andmove in the reverse direction in
the next pair of frames (the frames t + 1 and t + 2,
or the velocity field at time t + 1) (Figure 1 a–c).
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This characteristic of honeybee waggling can be
used to extract candidate runs (Figure 1d).

In initial tests, we successfully detected the
expected velocity fluctuations in video recordings
of dancing bees, but the fluctuations did not al-
ways appear during a waggle run: there were pe-
riods where velocity fluctuations could not be
detected during waggling, or when other bees
blocked out the dancing bee. Therefore, we needed
to add a procedure to continue searching within a
5 × 5 area of lattice points in the neighborhood of
the waggle candidate for up to 14 subsequent time
points (Figure 1e, f). If the next candidate is found,
we assign the same unique ID number to all pre-
vious and new candidate points. Finally, we iden-
tify a sequence of candidate points as a waggle run
if the waggle duration is more than 15 frames or
about 0.5 s. The waggle duration is defined as the
number of frames in which velocity fluctuations
were detected, including any intervening periods

of no detection. The waggle direction of each
candidate point is calculated from the velocity field
by bisecting the angle created by two sequential
velocity vectors (Figure 1d), and the direction of
the overall waggle run is defined as the median
direction of all candidate points assigned a given
ID number.

To implement these procedures, we developed
a method consisting of two steps. The first step,
PIV analysis, was carried out using commercially
available software (Flownizer2D, DITECT Co.
Ltd., Tokyo, Japan). In the second step, we detect-
ed waggle runs based on the PIV velocity fields
calculated in Step 1. We used a custom Python
script to analyze velocity changes using text data
exported from the PIV software (Online Resource
1). The waggle run detection results, which in-
cluded their duration and median direction, as
well as the frame number at the start of the runs,
were outputted to a comma-delimited text file.

Frame t t + 1
(Velocity field t)

Frame t + 1 t + 2
(Velocity field t + 1)

La�ce points for calcula�ng displacement velocity

Velocity field t t + 1
(Accelera�on field t)

Adjacent waggle candidates 
are grouped into one run

Velocity field t + 1 t + 2
(Accelera�on field t + 1)

Frame t + 2 t + 3
(Velocity field t + 2)

Waggle direc�on (the angle 
created by bisec�ng two 
waggle-velocity vectors)

Displacement velocity
between two adjacent
frames calculated by
PIV analysis

Search area for next waggle 
candidate (5 x 5 box of 
la�ce points around the 
previous candidate points) Velocity field t + 14 t + 15

(Accelera�on field t + 14)

Con�nue searching the 
next 14 accelera�on 
fields. If a new 
candidate is detected, 
assign the same ID 
number as previous 
candidates

a) b) c)

d) e) f)

Figure 1. Schematic outline of the automatic waggle run decoding method. First, a PIV analysis (a –c ) is used to
calculate the displacement velocity between two adjacent frames in a video recording. Second, we extract waggle
candidates (d ), which are defined by reversals in displacement velocity across three consecutive frames. Once a
waggle candidate is detected, the program continues searching in the neighborhood of the previous candidate points
over the next 14 acceleration fields to find a new waggle candidate (e , f ), then assigns a unique ID to the all of the
candidates identified in the sequence. A sequence of waggle candidates qualify as a waggle run if it lasts more than
15 frames or approximately 0.5 s.
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2.2. Hive observation and video recording
in open fields

To assess the performance of our method, we
prepared three video recordings taken in separate
experimental field apiaries in Hokkaido, Japan.
The three apiaries were more than 2 km away
from each other (for details on the experimental
apiaries, see Kamo et al., 2018). Six-framed hives
containing hybrid European honeybees from Ital-
ian bees (A. mellifera ligustica ) were rented from
a local beekeeper and used for the experiments.

We modified a standard Japanese 10-frame
Langstroth hive for dance observation. On the
right side of the hive as seen from the front, the
wooden side plate was replaced by a transparent
acrylic plate to allow observation of most of the
end frame. By restricting the hive gate, we en-
sured that returning worker bees would pass
through this frame to enter the hive. Consequent-
ly, most waggle dances occurred on the observ-
able side of this frame.

Black plastic panels were used to shield the
observation comb from direct sunlight and sup-
press reflections on the transparent acrylic sheet.
We placed a commercially available camcorder
(Handycam® HDR-PJ675, Sony Corp., Tokyo,
Japan) on a tripod about 20 cm away from the
observation comb, with the lens positioned to face
the comb surface as precisely as possible to min-
imize image distortion (Figure 2). Recordings
were made at 1920 × 1080 pixel resolution, which
corresponds to about 5 pixels/mm on the comb
surface, and at 29.97 frames/s. All recordings

were performed on the same morning (beginning
around 9:00 a.m., 25 August 2016), and lasted for
approximately 30 min. This observation duration
was chosen to conform to previous studies, such
as Steffan-Dewenter and Kuhn (2003).

2.3. Forage area estimation and validation
of automatic decoding

Automatic waggle detection procedures were
implemented on three video recordings. For the
PIVanalysis, the interrogation window was set to
64 × 64 pixels (equivalent to the body length of
worker bees), the search window to 128 × 128
pixels, and the spacing of lattice points for calcu-
lating velocity fields to 16 × 16 pixels. These pa-
rameters were based on results from preliminary
trials.

Prior to implementing automatic decoding, we
manually interpreted the waggle dances in the
three video recordings using HBBM software
(DITECTCo. Ltd., Tokyo, Japan), which we have
previously used to measure waggle duration and
direction by manually drawing vector lines on
video frames. For each waggle dance, we mea-
sured up to five consecutive waggle runs.

We converted waggle direction as obtained
from both manual and automatic decoding results
into forage site orientation by incorporating solar
azimuth data calculated from the geographic loca-
tion of each hive and the date and time of the
video recording. To convert waggle duration into
distance and generate a forage area estimation
map, we followed the method developed by
Schürch et al. (2013), with modifications to the
process of calculating probability density. These
modifications were the following: maps for each
waggle dance were generated using a kernel den-
sity estimation of 1000 simulation runs using a
250 × 250 m grid across a 20 × 20-km area. Dur-
ing automatic decoding, the density maps for all
waggle dances or runs were summed to create the
final map. Following the method in Couvillon
et al. (2014a), we weighted the probability density
by a factor equal to the squared distance between
the hive and the forage site to evaluate the relative
importance of each foraging habitat.

These probability density maps were used to
evaluate the performance of our automatic

Figure 2. Photograph of the observation hive and video
recording setup in an experimental field apiary in Hok-
kaido, Japan.
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decoding method. To compare the maps generated
by automatic and manual waggle decoding, we
defined a Bprobable forage region^ as the area
where the probability density weighted by dis-
tance squared was higher than the median value
across all cells in the map.We then determined the
overlap between the probable forage regions cal-
culated using manual and automatic decoding at
each hive.

3. RESULTS

Our automatic waggle decoding method de-
tected 486, 158, and 2873 waggle runs, respec-
tively, from 30-min videos recorded at each of
the three hives, while the manual interpretation
procedure conducted on the same videos de-
tected 177, 86, and 371 waggle runs, respec-
tively, belonging to 41, 38, and 115 waggle
dances. Both automatic and manual decoding
methods detected similar patterns in the dura-
tion and orientation of waggle runs at each hive
(Figure 3). At all three hives, the manual
decoding results revealed preferable forage
sites in the northwestward direction (around
315°; Figure 3a, c, e), and the modal direction
was well captured by the automatic decoding
results in each case (Figure 3b, d, f). At hive 1,
a group of waggle runs of approximately 6-s
duration and indicating a northeastward direc-
tion was captured by both manual and automat-
ic methods, but the automatic method some-
what underestimated run duration and pro-
duced increased variability in the results
(Figure 3a, b). A similar underestimation of
run duration by the automatic method was also
seen with the northwestward mode at Hive 3
(Figure 3e, f). At Hives 2 and 3, the automatic
method detected waggle runs in the southeast-
ward direction that were not detected by man-
ual interpretation.

The spatial distribution of estimated forage
area was similar between the automatic and
manual decoding results (Figure 4). To quantify
the accuracy of automatic waggle decoding
when estimating forage sites, we compared the
probable forage regions obtained from both
methods (Table I). The forage regions estimat-
ed by automatic decoding covered 78–87% of

the regions identified by manual methods. The
size of the regions wrongly estimated by auto-
matic decoding corresponded to 17–21% of the
area of the forage regions estimated using man-
ual interpretation.

4. DISCUSSION

The automatic waggle decoding method we
proposed here consists of only two steps: (1)
velocity calculation by PIV analysis and (2)
waggle detection and decoding based on the
calculated velocities. We used commercially
available software for the PIV analysis be-
cause it allowed us to determine the appropri-
ate parameter settings using a visual interface.
However, open-source PIV analysis software
is now widely available, including the pro-
gram OpenPIV, which is compatible with
Matlab, Python, and C++ (Taylor et al.,
2010). Thus, the methodology we describe in
this study, including our custom post-
processing script, can be adopted free of
charge by other investigators working on any
computer platform.

Our results show that our method performs to
an acceptable level of accuracy when estimating
the forage area of hives in field apiaries. However,
our method miscalculated forage direction and
underestimated the distance indicated by some
waggle runs as described in the BResults^ section.
In addition, our method detected a much higher
number of waggle runs compared to manual in-
terpretation. This may be attributable to some
waggle runs not being decoded by the manual
method (only up to five runs were decoded per
waggle dance), and to the presence of false posi-
tives due to signal noise.

The errors in estimating forage direction were
likely due to the code misidentifying the heading
of some dancing bees, causing the calculated
waggle run angle to be 180° off of the true direc-
tion. To increase accuracy, future procedures
could consider the heading of dancing bees, or
omit outliers from the distribution of waggle run
direction (Wario et al., 2017). Errors in the calcu-
lation of waggle duration may have been due to
inaccuracies in detecting the exact beginning and
end points of a waggle run due to the bees
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exhibiting altered waggle frequencies or oscilla-
tion irregularities at the beginning, middle, and
end of the run. This issue could be solved through
the use of other techniques, such as by detecting
run duration from the trajectory pattern of a danc-
ing bee (e.g., Landgraf et al., 2011). Identifying
the trajectory of individual dancing bees may also
be needed to decode waggle dances consisting of
multiple waggle runs because the direction of

different waggle runs are known to vary within a
single dance (Landgraf et al., 2011).

One key method of identifying and addressing
the source of these calculation errors would be to
verify the accuracy of our automatic decoding
method on a dance-by-dance or run-by-run basis.
At the moment, however, such comparisons are
hampered by the difficulty of manually identify-
ing waggle runs that correspond to those detected
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Figure 3. Waggle run duration and orientation calculated by manual (a , c , e ) and automatic (b , d , f ) decoding of
video recordings captured at three hives located in different experimental field apiaries.
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a) Hive 1: manual decoding

c) Hive 2: manual decoding

e) Hive 3: manual decoding

b) Hive 1: automa�c decoding

d) Hive 2: automa�c decoding

f) Hive 3: automa�c decoding

Probability density
0 max

Figure 4. Forage area probability maps estimated from manual (a , c , e ) and automatic (b , d , f ) decoding of video
recordings captured at three hives located in different experimental field apiaries. The map size in each panel is 20 ×
20 km. Black crosses mark the location of the hive. The area bounded by the white line indicates the probable forage
region, which was defined as the area in which the probability density weighted by the squared distance from the
hive was higher than the median value across all cells in each map.
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by our automatic method. Further studies are thus
required to enable dance-by-dance or run-by-run
comparison.

Although there is room for further elabora-
tion of our method, it is also worthwhile to
consider the trade-offs between decoding accu-
racy and computational complexity. Previous
studies have revealed high variability in the
information encoded in the waggle runs of a
single dance (Couvillon et al., 2012), as well as
in the information encoded in the dances of
different individual bees even in cases where
they were trained at an artificial feeder
(Schürch and Couvillon, 2013). Waggle dances
are not the sole communication tool used by
bees but are complemented by odor and wing
oscillation patterns to inform nestmates of pref-
erable forage sites (Grüter and Farina, 2009).
Therefore, there are likely to be inherent errors
in encoding and decoding dance information.
To cope with these errors, Schürch et al. (2013)
developed a method that incorporates intra- and
inter-dance variability when estimating forage
sites. By incorporating this method into our
automatic decoding procedure, we were able
to conduct automatic forage area estimation
with a reduced error rate.

The velocity fields obtained through our PIV
analysis successfully detected waggle motions
under natural light conditions. However, our ex-
periments showed that the analysis was vulnerable
to direct sunlight penetration and reflection on the
transparent acrylic sheet, and it did not perform
well when the observation surface was a new

honeycomb base. Consequently, good contrast is
mandatory to enable the analysis to discern bee
abdomens. Although our system does not require
artificial lighting, care should be taken to use a
well-developed comb for observation and darken
the side of observation hive.

5. CONCLUSION

Our results demonstrate that our automatic
decoding method, which is not reliant on artificial
lighting or high-performance camcorders, is com-
parable with manual interpretation for estimating
forage area. Although further improvements to
accuracy are needed to refine the waggle decoding
process, our system has the potential to enhance
our understanding of diurnal, seasonal, and
spatial variations in forage site usage in field
apiaries, thereby helping to streamline honeybee
management.
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