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Abstract The wingbeat of an insect relates directly to

energy consumption, is a strong indicator of its rate of

metabolism and physical structure, and inversely relates to

the length of its wing and to the mass of its body. It is also a

principal component in understanding the aerodynamic

properties of its flight. In this paper, we introduce a method

based on the use of high-speed cameras and computer

vision techniques to analyze a bumblebee (Bombus impa-

tiens) wingbeat. We start capturing images with a virtual

stereo system when a bumblebee crosses two intersecting

laser beams. Then, we detect moving objects using back-

ground subtraction. Next, via Fourier analysis of the

observed optical flow contraction/expansion, and

marginalization of prior knowledge, we estimate the

wingbeat frequency. Finally, the information from the two

virtual cameras is fused using a robust state estimation. Our

system is well prepared to handle occlusions; it works with

untethered insects; and it does not require the synchro-

nization of a multi-camera system.

Keywords Wingbeat analysis � Bombus impatiens �
Insect flapping frequency � Optical flow analysis

1 Introduction

Some insects flap theirwings at an amazing speed.Thehighest

reported wingbeat corresponds to the observations of high

wing-stroke and thoracic vibration frequency in somemidges

(Forcipomyia), found by Sotavalta [26] to reach above 1000

beats/s. Therefore, it is not surprising that some types of

flights, such as hovering, represent the highest rate of sus-

tained aerobic energy expenditure in the animal kingdom.

Some years ago, Pringle [20] discovered that for some flying

insectsmuscle contraction is determined by impulses from the

central nervous system (synchronous muscle) or by mechan-

ical resonant characteristics of the wing and thorax (asyn-

chronous).At that point, researchers suspected that therewas a

strong relationship between the wingbeat frequency and the

resonance or natural frequency of thewings. But recently, San

et al. [22] determined that that was not the case. In any event,

the capability to wingbeat at high frequencies provides the

insects with an outstanding maneuverability capability, as

wing instabilities need up to 15 times more to manifest com-

pared to thewingbeat period [29]. Indeed, Fry et al. [9] found,

after analyzing the magnitude of the torque and body motion

ofDrosophila during rapid turns, that inertia, and not friction,

dominates theflight dynamicsof insects. In addition,wingbeat

count could demonstrate to be an effective way to distinguish

between different species [31].

In this paper, we introduce a method based on the use of

high-speed cameras and computer vision techniques to

automatically characterize a bumblebee wingbeat. First, we

start by capturing images with a virtual stereo system when

a bumblebee crosses two intersecting beam lasers; then, we

detect moving objects by performing background subtrac-

tion; next, we estimate the wingbeat frequency by Fourier

analysis of the observed contraction/expansion of optical

flow, in conjunction with marginalization based on prior
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1 Instituto Politécnico Nacional, Cerro Blanco 141, Colinas del

Cimatario, 76090 Querétaro, Mexico
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knowledge; and finally, we make use of robust state esti-

mation to combine information from the two virtual sour-

ces of video.

2 Related work

Due to its importance, as a principal component in the

understanding of flying insects, there is a large number of

studies oriented towards the measurement of their wingbeat

frequency. For example, Koehler et al. [15] summarized

the results obtained to estimate wingbeat frequency for

locust, hoverfly, fruitfly, dronefly, and dragonfly; Casey

et al. [3] did the same for several species of euglossine

bees, including Eulaema, Eufriesea, Euglossa, and Ex-

aerete. With these measurements, some researchers, such

as Deakin [5] and Sudo et al. [28], have developed

empirical formulas connecting wingbeat frequency of

insects with their masses and wing areas.

Practitioners have used several techniques to measure

wingbeat frequency. For instance, Vanderplank [32] used a

stroboscope and flash photography to measure the wingbeat

of Glossina papalis tsetse flies. He also attempted to trace

the wing tip path on a kymograph drum. Although, this

method has the inconvenience of loading the wing. In

addition to that, Sotavalta [25] explored the flight-tone

recorded with a microphone linked to an oscilloscope. This

method has the possible difficulty that the microphone has

to be very close to the insect to avoid sound contamination,

which makes this method more effective with tethered

insects. In [3], Casey and May determined wing-stroke

frequency by playing back on an oscilloscope a tape

recording obtained at the mouth of a jar, where the

researchers have placed the bees. In a different approach,

Sane and Jacobson [23] measured airflow of tethered hawk

moths, which beats at a frequency of about 30 flaps/s, using

hot wire anemometry. More recently, researchers have

been using either optical tachometers or high-speed cam-

eras. Unwin and Ellington [30] utilized an optical

tachometer which they reported capable of measuring the

wingbeat frequency at distances of 1 m for Smittia ater-

rima, and up to 10 m for Bombus sp. The same instrument

was used by Roberts and Harrison [21] to measure

wingbeat frequency of bees.

The work in [6, 13, 17, 22, 27, 29] is representative of a

type of approach in which, even recently, there is a human

count of the wingbeat frequency as observed with a high-

speed camera. Usually, a certain position, e.g., such as the

wings in full extension, is used as a reference. Then, the

wingbeat count is the result of dividing the image grabbing

frequency by the number of frames required for the insect

wings to reach the same relative position. In this approach,

it is difficult to determine inter-flap frequency, and it is

common to be in error by a few frames, which may result

in a poor wingbeat count estimation. This is a strong

argument supporting research on automated methods.

Indeed, some of the automated methods include the one

developed by Sudo et al. [28] who studied insect wingbeat

frequency from an aerobiomechanics perspective. They did

flapping analysis with a multi-camera motion analysis

system. In their approach, they observed tethered insects

with an optical displacement detector system, which sig-

nals they analyzed using a fast Fourier transform (FFT),

focused on the extrinsic skeleton. Also using tethered

insects, Graetzel et al. [10] use tethered Drosophila to

implement their wingbeat measurement system using

image analysis. First, the wings are extracted by back-

ground subtraction. Then, the wings hinge position is

extracted automatically by finding the intersection of the

strongest line on each side of the body. More sophisticated

computer vision techniques have also been approached. For

instance, Fontaine et al. [8] present a system which fits a

model of the wings and body of insects to analyze the flight

initiation of Drosophila. In their system they take the input

of three high-speed cameras. Then, an integrated 3D model

of the Drosophila’s head, body and wings is fit to the

observations in every frame of the sequence. In the first

frame, the user provides initial locations for the head, tail,

and join/tip locations of both wings for two out of the three

cameras views. In successive images, the model is regis-

tered with respect to the observations. A method that also

makes use of multiple cameras to count the wingbeat of

bats with marked wings was recently introduced by Bergou

et al. [2]. FFT has been used in the study of the wingbeat

frequency of other animals, mainly with bats [1] and

birds [4, 18]. Atanbori et al. [1] used the width and height

of bounding boxes as input to the Fourier analysis.

For bees, Casey et al. [3] recorded the sound of flapping

wings with a directional microphone and their wingbeat with

an oscilloscope. The flapping count ranged from as low as

82 flaps/s and as high as 265 flaps/s. Using laser-based

techniques, Zeng et al. [33] developed a method to project

and then scan lines on the insects. They used an acousto-optic

deflector (a laser beam which direction is modulated with

sound waves) to project lines at different angles. The pro-

jected lines are recognized and from them wingbeat is

measured. In their experiments they tethered bumblebees to

a rigid needle. More recently, van Roy et al. [31] introduced

the use of a large area, 100 mm2, photovoltaic cell. They

applied their method to classify between bumblebees

Boombus terrestris (N ¼ 17) and Bombus ignitus (N ¼ 25).

First, their system produces a voltage signal which is then
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evaluated using power spectra density analysis. At our end,

we use dense optical flow to measure displacements, con-

ditional marginalization to introduce priors, and robust state

estimation to fuse independent visual measurements. Our

method is applied to unmarked and free-flying bumblebees

as they cross the field of view of an automatically operated

high-speed camera.

3 Measuring wingbeat

The method we have developed requires to preprocess and

characterize the image elements, to perform frequency

analysis, and to fuse data from different sources. Figure 2

illustrates our approach to the measurement of bumblebee

wingbeat frequency.

3.1 Image description

For the incoming image stream fIiðxÞgki¼1, we construct a

model of the background BkðxÞ using a mixture of Gaus-

sian distributions with the method developed by Zivko-

vic [35], and Zivkovic and van der Heijden [36, 37], where

the number of Gaussian distributions is a free variable for

each particular pixel of the image. The moving objects

F kðxÞ, for frame k, are detected by considering the weights

of the Gaussians and the portion of the data that is appar-

ently part of the foreground not influencing the background

model. Holes in the estimated foreground F kðxÞ are filled

up with a dilate morphology operation as

F�
kðxÞ ¼ F kðxÞ � S; ð1Þ

where S is a suitable structuring element [24]. Then, dense

optical flow OkðxÞ ¼ fOx
kðxÞ;O

y
kðxÞg for successive

frames k � 1 and k is computed using the algorithm pro-

posed by Farnebäck [7]. This method approximates the

flow for pixel neighborhoods with quadratic polynomials

and is solved pointwise using prior knowledge of the dis-

placement field to obtain an iterative solution, via multi-

scale analysis.

During a bumblebee’s wing stroke, the corresponding

optical flow field follows the wing’s displacement. When

the stroke reaches the extreme positions, the wings remain

still for a brief moment and the corresponding dispersion of

the flow field reduces perceptibly. We model the distribu-

tion of displacements resulting from the flow field

observing that its dispersion expands and collapses as the

stroke progresses. The direction and magnitude of the field

depend on factors such as the particular orientation of the

bumblebee, foreshortening the distance from the camera to

the object. There are many forms to determine statistical

dispersion [16]. We find it suitable to model the state of

the flow field using the Frobenius norm x(k) of the

covariance matrix for each frame. As the bumblebee flaps

its wings, this value increases and decreases.

3.2 Frequency analysis

For frequency analysis, we use the short-time Fourier

transform, such as

Xðm;xÞ ¼
X1

n¼�1
xðnÞwðn� mÞe�jxn; ð2Þ

where we choose wðn� mÞ to be a Gaussian window, as

in [12]. For the rest of the analysis, we use the energy

spectral density kXðm;xÞk2.
Once we obtain the frequencies for which the spectrum

gives high responses, we search for the one corresponding

to the number of flaps per second. Marginalization provides

us a clean framework to incorporate prior knowledge. In

our work, we are interested in the flapping frequency f ¼
x=2p for which the evidence z is most logical. Thus

pðxjzÞ ¼ pðzjxÞpðxÞ=pðzÞ: ð3Þ

In this work, we define the likelihood as

pðzjxÞ ¼ kXðm;xÞk2
P

x kXðm;xÞk2
; ð4Þ

and as prior information the Gaussian is defined as

pðzÞ ¼ 1

r
ffiffiffiffiffiffi
2p

p exp �ðz� lÞ2

2r2

 !
: ð5Þ

3.3 Data fusion

Our camera setup illustrates the advantage that we have

from making two measurements x to obtain an estimate of

the real flapping speed w. In our case, the measurements

come from the frequency obtained using prior knowledge.

A standard way to fuse two sources of information is

provided by the Kalman filter [14]. The Kalman filter is an

interactive formulation where predictions wþ about the

state wk are followed by updates based on measurements

xk. In the standard Kalman formulation, there is an

uncertainty associated with the transition of the state,

expressed by covariance Rp, and an uncertainty associated

with the observation of measurements under a certain state,

expressed by covariance Rm. The equation for the predic-

tion stage is given by Prince [19]

wþ ¼ lp þWwk�1; and Rþ ¼ Rp þWRk�1W
T : ð6Þ

While the update equation is given by
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wk ¼ wþ þ Kðxk � lm � UwþÞ; and Rk ¼ ðI � KUÞRþ:

ð7Þ

Here, Kalman computes the filter gain as

K ¼ RþU
TðRm þ URþU

TÞ�1; ð8Þ

and W describes the state transition, U the observability of

measurements under a certain state, and lp and lm biases

in the expression of the former and the latter,

respectively.

3.4 High-speed camera trigger

An external input signal using a TTL pulse (see Fig. 1b)

triggers the operation of the high-speed camera. The trigger

system consists of two VLM-650-02-LPA 650 nm, 3 mW,

laser modules, two photo transistors SFH314 and a NAND

gate. Each emitting laser light beam points towards a

phototransistor, such that the beams intersect at the camera

lens focus. The transistors are in switch mode, so that when

light strikes the sensor, a voltage signal passes between the

Fig. 1 Elements of the image capturing system. a A high-speed

camera system v grabs a sequence of images using first-surface

mirrors Ni to simulate a stereo system. We constructed an external

electronic trigger system with a pair of intersecting lasers and

associated photoreceptors. We released 20 bumblebees inside a fisher

bowl. In b, we show the external trigger. An electronic circuit triggers

the high-speed camera when a bumblebee crosses two intersecting

laser beams. The high-speed camera is focused on the intersection of

these beams. When a bumblebee crosses the intersection of both

lasers, it activates the camera, which starts recording at 5000 frames/

s. In c, we show a mechanical support, which is devised to observe

bumblebees from two different viewpoints, reducing occlusions.

First-surface mirrors are held on bases 1–4, while the camera lens is

placed on plate A. The mirrors can move along the beams. In d, we
show a typical image resulting from our system
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collector and the emitter. The circuit sends these negated

output signals (TTL) to a NAND logic gate. A falling edge

signal activates the external trigger. In this case, the NAND

gate provides the desired logic signal to activate the cam-

era, i.e., the camera is activated when both light beams are

interrupted by the flight of a bumblebee. A cylindrical

cover protects the phototransistors from exposure to direct

light other than that from the laser from reaching them.

3.5 Mechanical support

The double virtual camera system proposed by Zhang

et al. [34] inspired our image capturing system. In their

design, Zhang et al. project the scene onto two planar

reflectors, then through a prism, and finally to a high-speed

camera lens. This resolves the problems of occlusion with a

single camera, and synchronization with a multi-camera

system. Their vision system measures several wing motion

distortions on honey bees, including the angles of wing

flapping, lag, attack, and torsion, as well as camber defor-

mation. Of course, in our case, we are interested on studying

the wingbeat frequency of bumblebees. Figure 1c illustrates

the mechanical device that we constructed. Assuming that

the reference coordinate system is at the center of projection

of the camera, the mechanical platform is attached to the

frontal face of the camera through plate A. We attach the

mirrors with screws on bases 1–4. The central mirrors have

one degree of freedom, along the Z-beam axis. The lateral

mirrors have three degrees of freedom, along the Z-beam and

X-beam axes and around their own axis (the vertical sym-

metry axis of the reflective face of a mirror). The Z-beam,

however, can be attached to plate A at three positions along

the Y-beam axis (not shown), at heights 10 mm apart,

yielding a vertical distance between the center of the camera

lens and the base of the central mirrors of 32, 42 and 52 mm.

We constructed the device with aluminum 1100 alloy.

4 Results

To test our system, we setup an experimental platform

around a Memrecam high-speed camera, model GX-1, with

an available internal memory of 2 GB, grabbing images at

5000 frames/s (see Fig. 1). The camera points to a fish tank

of 50 cm � 30 cm � 26 cm, width, depth and height,

respectively.

The electronic trigger consists of two intersecting 650 nm

red lasers pointing to corresponding light detectors. We

focus the camera on the point where the two laser beams

intersect. The electronic circuitry relays the signal produced

by these sensors to the external trigger system of the camera.

When operating in external triggermode, the camera records

images in a loop using the available memory. Once a

bumblebee passes through the intersection of the laser

beams, the system generates the trigger signal. Upon the

reception of this signal, the camera is programmed to retain

the last 0.4075 s of the recorded images. The camera then

continues recording until the availablememory is exhausted.

For our experiment, we released 200 bumblebees (Bombus

impatiens) inside the fish bowl. We eventually recorded 50

videos of flying bumblebees (Fig. 1).

After the algorithm detects moving foreground objects,

holes are covered with a dilate operation which receives as

input a square structural element with dimensions 4� 4

filled with ones, 14�4. From prior knowledge about the

bumblebee wingbeat frequency pðzjl; rÞ, the initial values

for l and r are set to 180 and 6 flaps/s, respectively. For

robust state estimation and fusion of the two virtual sources

of video, the state transition covariance Rp is set to 2, the

uncertainty in the measurements Rm is set to 100I2�2, the

state transition W is set to 1, and the observability of the

measurements U is set to ½1; 1�T .
To quantify the precision of our method, three of the co-

authors of this paper visually counted the number of wing-

beats per second by retrieving the frame f0 when a wing

reached a certain position, i.e., the position of its largest span.

Then, we registered every frame number fi of the sequence

when the wing reached that position. From these data, we

computed the beats per second by dividing the high-speed

camera capturing frequency (for these experiments 5000

frames/s) by the difference between these landmark obser-

vations ðfi � fi�1Þ. Figure 2g shows this comparison quali-

tatively. Then, we computed the RMS error between the

predicted beat speed and ground truth for 50 flying bumble-

bee video sequences, estimating an error of�13:6326 flaps/s.

To compare this with related work, we notice that van Roy

et al. [31] provide ranges of uncertainty. Although they use

their system with Bombus terrestris and Bombus ignitus, the

respective uncertainties in their measurements are �11:215

and�15:062 flaps/s. If we consider that at 5000 frames/s, and

one wingbeat every 25 frames, an uncertainty of �8 flaps/s

represents about �1 frame of difference with respect to the

true value, wemay conclude that a principal source of error is

related the image capture frequency. To foster the research in

this area and to possibly establish a comparison baseline, we

are making available the videos along with the ground truth

annotations in our website (http://imagenes.cicataqro.ipn.

mx:8080/imagenes/local/bumblebees).

5 Conclusion

In this manuscript, we introduce the first method to auto-

matically analyze the wingbeat frequency of free-flying

(untethered) bumblebees using computer vision techniques.

The method, based on the observation of bumblebees from
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two viewpoints, offers some robustness to visual interfer-

ence, and is primarily based on the analysis of dense

optical flow. In addition, the virtual stereo system is con-

structed with an array of mirrors, which makes this system

less expensive than a multi-camera system. In our

approach, we avoid the problem of synchronization of

different sources of video, although we need to add a

mechanical support and first-surface mirrors to the system.

In our approach, there is no need to tether or mark the

insect. Since the method uses dense optical flow, it has the
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(g) The continuous (black) line corresponds to the combination of both sources
of information. The dotted (blue) line corresponds to the manually computed
ground truth.

Fig. 2 Method to analyze a bumblebee wingbeat frequency. In a, the
algorithm extracts moving objects using background subtraction, as

shown in (b). Then, we compute dense optical flow, as in (c), using
consecutive frames. Next, we estimate statistical dispersion of the

optical flow displacement using the Frobenius norm, as in (d).

Following this, we use the short-time Fourier transform, as in (e), to
obtain the candidates’ wingbeat frequencies. Next, as in (f), we

implemented a Bayesian scheme to incorporate prior knowledge.

Finally, we fuse both sources of information, as in (g), using a

Kalman filter (color figure online)
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potential of being of general use. Also, the virtual stereo

system makes it possible to use robust techniques to fuse

diverse sources of information.

In the future, we expect to combine this system with

other modules, to analyze the wing structure and to

incorporate particle image velocimetry to characterize

airflow. All these variables will be useful to increase our

understanding of a particular insect’s general well-being. It

could also be a tool to distinguish between different

bumblebee species. Furthermore, it may be interesting to

analyze other insects using the same methodology. In

addition, it could be possible to use a bumblebee wingbeat

model to eliminate the use of a high-speed camera. The

computer vision system could generate multiple hypothe-

ses and refine its predictions based on the measurements of

a much sparser set of observations, as in a particle filter

[11] approach.
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