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a b s t r a c t
In leafhoppers that are among the most important vectors of plant diseases, mate recognition and location are mediated exclusively by species- and sex-specific vibrational signals exchanged in precisely
coordinated duets. These pests are currently managed primarily by insecticide treatments, however, current legislation and consumers’ concerns and demands require that the risks and impacts of pesticides be
reduced. We present a proof-of-concept low-cost autonomous digital processing system (AS), capable of
recognizing the male calls of the leafhopper Aphrodes bicincta ‘‘Dragonja” and generating female replies.
Such a device could be used as a vibrational trap. We chose this species since its duet structure is complex, with the female replies having to appear in short (47–175 ms) intervals between continuously
repeated elements in the male call in order to trigger male searching behaviour. The AS male call recognition algorithm is based on linear prediction cepstral coefficient (LPCC) feature vectors and a multilayer
perceptron classifier (MLP). To prevent the noise-based feature vectors from feeding into the classifier, a
bandwidth-limited linear prediction call activity detector based on spectrum peak tracking was designed.
We tested the efficiency of the AS in behavioural experiments with live males. The MLP classification
method successfully classified vibrational calls of male A. bicincta ‘‘Dragonja” from background noise.
The fast real time identification enabled a synchronized playback of female vibrational reply with latencies as short as 130 ms. This mimicking of a duetting female by autonomous system also attracted the
males to the source of the female reply. The AS is also a useful tool to enable further studies of vibrational
duets that are needed to develop effective alternative control strategies.
Ó 2016 Elsevier B.V. All rights reserved.

1. Introduction
The interest to exploit vibrational signals in pest management
has increased in recent years (Čokl and Millar, 2009; Mankin,
2011, 2012; Polajnar et al., 2015). This can be attributed to raised
awareness of communication via substrate-borne acoustic signals
being widespread among insects (Virant-Doberlet and Čokl,
2004; Cocroft and Rodríguez, 2005), the availability of highlysensitive equipment able to register substrate vibrations, progress
in computer technology, and the development of algorithms for
vibrational signal recognition (Ganchev and Potamitis, 2007;
Lampson et al., 2013; Rach et al., 2013). Applications include the
use of incidental vibrational signals induced by walking and feeding insects for monitoring (Mankin et al., 2000, 2010; Zorović and
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Čokl, 2015), the use of species-specific vibrational signals emitted
in sexual communication for automatic detection (Lampson et al.,
2013), the interruption of mating behaviour by playback of disruptive vibrational signals (Mazzoni et al., 2009; Eriksson et al., 2012),
and attracting insects to traps by playback of species-specific
vibrational signals used in sexual communication (Mankin et al.,
2013, 2014). Vibrational communication is common in the Hemiptera, which includes many major insect pests, like psyllids,
leafhoppers, planthoppers and stink bugs. In particular, in leafhoppers and planthoppers that comprise of more than 30,000 species
and are among the most important vectors of plant diseases
(Weintraub and Beanland, 2006), mate recognition and location
of the partner are mediated exclusively by vibrational signals
(Čokl and Virant-Doberlet, 2003). In these insects the communication between partners is based on a coordinated exchange of
species- and sex-specific vibrational signals (i.e. on a duet). In most
species the exchange is initiated by a male advertisement call to
which a sexually receptive virgin female responds, thus triggering
the male search for the female on the plant (Hunt and Nault, 1991;
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Nomenclature
ARM
AS
CPI
FFT
FIR
GMM
LPC
LPCC
MFCC
MLP

advanced reduced instruction set machines
autonomous digital processing system
chirp–pulse interval
fast Fourier transform
finite impulse response
Gaussian mixture model
linear predictive coding
linear prediction cepstral coefficients
mel-frequency cepstral coefficients
multilayer perceptron

Mazzoni et al., 2009). Populations of leafhopper and planthopper
pests are currently managed primarily by insecticide treatments
(Weintraub and Beanland, 2006). In order to reduce pesticide
use, one of the remaining challenges in agriculture is to develop
alternative approaches to monitoring pests that do not rely on
chemical communication. Here we use a leafhopper species from
the genus Aphrodes as a model species in a proof-of-concept study
to develop an automated approach of attracting leafhopper males.
Even though leafhoppers from this genus are vectors of phytoplasmas that cause plant diseases (Lee et al., 1998; Weintraub and
Beanland, 2006) the research on the biocontrol of these leafhoppers is practically non-existing (Solomon et al., 2001). We chose
a currently non-described species from this complex since its
species-specific duet structure and male searching behaviour present a significant challenge for an automated system. In particular,
a female reply has to appear in the short silent intervals between
the continuously repeated species-specific sound elements in the
male call (Table 1, Fig. 1b).
We developed an autonomous digital signal processing system
(AS) capable of recognizing male vibrational advertisement calls
and reproducing female replies in real time. The AS was designed
to respond to significant variations of male calls while still maintaining recognition accuracy (i.e. the percentage of correctly
detected male calls), the short response latency of a live female,
and insensitivity to incidental noise. Hardware compatibility with
the laser vibrometer output impedance and signal level had to be
met, while still maintaining the vibrational signal sensitivity. The
AS not only needed to operate autonomously, but also had to support alteration of the female response playback signal and its
parameters such as the response latency and volume. A sufficient
quality of the female response playback signal in terms of amplitude resolution and sample rate also needed to be met in order
to emit the non-distorted signal to the male. This required that

Table 1
Temporal and spectral properties of A. bicincta ‘‘Dragonja” male advertisement call.
For duration, means with standard deviations are shown, while for dominant
frequency, medians, minimum and maximum measured values (in brackets) are
given. Number of males (N) = 10, total number of calls analysed (n) = 50, 5 calls per
male for complete call S1, S2, S2P, S2C; N = 20, n = 200, 10 calls per male for CPI, PRT.
For details about call sections see Fig. 1.
Male call parameter

Duration (s)

Dominant frequency (Hz)

Complete call
S1
S2
S2-pulse (S2P)
S2-chirp (S2C)
Chirp–pulse interval (CPI)
Pulse repetition time (PRT)

30.894 ± 19.764
5.426 ± 1.79
18.424 ± 14.781
0.206 ± 0.033
0.038 ± 0.003
0.081 ± 0.042
0.351 ± 0.063

–
222 (59–1406)
–
210 (164–1594)
1617 (492–3445)
–
–

PC
PNN
PRT
RMS
SD
VQ
USB
SRAM
SD-Card
API

personal computer
probabilistic neural network
pulse repetition time
root mean square
standard deviation
vector quantization
universal serial bus
static random access memory
secure digital card
application program interface

the impedance and the maximum signal level of the AS output fit
within the operating specifications of the vibration exciter.
In previous work, signal analyses that had greatest success in
classifying vibrational signals and discriminating them from the
background noise used linear frequency cepstral coefficients
(LFCC) (Ganchev and Potamitis, 2007; Lampson et al., 2013;
Potamitis et al., 2009), mel-frequency cepstral coefficients (MFCC)
or wavelet based features (Rach et al., 2013; Jorge et al., 2013;
Potamitis et al., 2009). Classifiers were realized using probabilistic
neural networks (PNN) (Lampson et al., 2013; Ganchev and
Potamitis, 2007), Gaussian mixture models (GMM) (Pinhas et al.,
2008; Lampson et al., 2013; Ganchev and Potamitis, 2007;
Potamitis et al., 2009), vector quantization (VQ) (Pinhas et al.,
2008) or euclidean distance (Rach et al., 2013). With the exception
of Rach et al. (2013), the above-mentioned recognition systems
were mostly realized on a personal computer and focused on species with fairly simple signal structures in terms of frequency and
amplitude variations (Ganchev and Potamitis, 2007; Pinhas et al.,
2008; Rach et al., 2013; Virant-Doberlet and Čokl, 2004; Mankin,
2011) in comparison to the model species used in our study. Most
of the identification methods above are also computationally too
extensive to be used directly on a hard real time execution (Kavi
et al., 2009) on a low-cost microcontroller system.

2. Materials and methods
2.1. Study system
Leafhoppers of the genus Aphrodes (Hemiptera: Auchenorrhyncha: Cicadellidae: Aphrodinae) are abundant, widely distributed
over the Palearctic and have been introduced to North America
(Bluemel et al., 2014). This genus is considered a taxonomically
challenging group and comprises several morphologically very
similar, closely related species. Species in this genus could even
be considered cryptic since they have been classified as ecotypes
of a single species in the past, with even trained experts often still
designating the leafhoppers merely as a nominal Aphrodes bicincta
s.l. species group (Bluemel et al., 2014). As in other Auchenorrhycha (leafhoppers, planthoppers, treehoppers, spittlebugs) the mate
recognition and location in Aphrodes leafhoppers is mediated
exclusively via substrate-borne species- and sex-specific vibrational signals (Derlink et al., 2014; Mazzoni et al., 2009). Recently
discovered in Slovenia are Aphrodes leafhoppers characterized by
a distinct, previously unknown species-specific male advertisement call and associated clear female preferences for a such
call (Fig. 1) (Derlink, 2014). This new species has not yet been
formally described; according to the locality where it was found
first (the Dragonja Valley) and its genetic relatedness to other
species in the genus we currently refer to it as A. bicincta
‘‘Dragonja”. This species is widespread across Slovenia. Males use
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Fig. 1. Male advertisement call of A. bicincta ‘‘Dragonja”. (a) A representative male call and (b) two consecutive pulse–chirp dyads (D1 in a). In (a) only the first 10 dyads of a
longer call are shown. In (a) and (b), the spectrogram is shown above the corresponding waveform. S1: Section 1 of the male call; S2: species-specific section of the male call;
S2P: pulse; S2C chirp; CPI: chirp–pulse interval; PRT: pulse repetition time.
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Overall AS hardware design is depicted in Fig. 3a. The AS can be
configured via full speed universal serial bus (USB) from the personal computer (PC) by a custom made computer software. The
USB is also used to provide the power to the AS.
Leafhopper signals are registered by a laser vibrometer (PDV100, Polytech GmbH, Waldbronn, Germany) and passed via coaxial
cable to the AS. The AS input signal passes through a discrete analogue front-end which removes the offset, amplifies the signal by
8.63 dB and performs low-pass filtering. The low-pass filter was
realized in a multiple feedback topology with 16 kHz cut-off frequency and 50 dB/decade attenuation. The low pass filter was
designed to remove the undesired high-frequency noise and
enhance the anti-alias filters already present within the audio
codec. Having passed the analogue-front end, the analogue signal
is then converted to digital at 32 kHz sample-rate by the audio
codec configured at 16-bit resolution. The audio codec uses linear
compression. The 32 kHz sampling frequency was chosen to allow
extensions of the system for other species with signal bandwidths
up to 16 kHz (Derlink et al., 2014; Ganchev and Potamitis, 2007)
without hardware modifications. The digital signal is further processed by the ARM Cortex M4 microcontroller running at
168 MHz (ST Microelectronics, 2013). The microcontroller provides
1 MByte of internal flash memory and 256 KBytes of internal SRAM
memory (ST Microelectronics, 2013) which are used for the AS
software.
The analogue playback signal is generated by the audio codec
via phone outputs at a 32 kHz sample-rate and transmitted via
coaxial cable to the vibrational exciter. The phone output has
adjustable gain from 6 dB to 73 dB with 1 dB step which allows
for a fine volume setting of the female response.
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the ‘‘fly/jump/walk-call” strategy (Hunt and Nault, 1991; De Luca
and Cocroft, 2011) to increase their signalling space by moving
from plant to plant. Pair formation begins with emission of a male
advertisement call, with a reply from a sexually receptive female
triggering a more localized search for the female on a plant.
The female remains stationary and her reply is essential for a
successful mating, since male does not approach the female if
she does not respond.
As in other Aphrodes leafhoppers the male advertisement call in
A. bicincta ‘‘Dragonja” has a species-specific stereotyped structure
(Fig. 1, Table 1) (Bluemel et al., 2014; Derlink et al., 2014). The nonspecific and variable first section of the call (S1) is followed by
species-specific section (S2), in A. bicincta ‘‘Dragonja” formed by
continuously repeated dyads composed of a pulse and a chirp
(Fig. 1). Pulse was defined as a unitary homogenous parcel of sound
of finite duration (Broughton, 1963), while chirp was defined as a
sound consisting of a group of pulses that is identifiable to the
human ear as a unitary event (Hunt et al., 1992; de Groot et al.,
2012). All elements in the call have broadband spectral characteristics with the frequency band extending up to 6 kHz (Derlink,
2014) (Fig. 1). In comparison with other Aphrodes species, the
species-specific sound element in the A. bicincta ‘‘Dragonja” male
call is the pulse in the dyad and is characterized by a comparatively
long, predictable duration, increasing frequency and amplitude
throughout the pulse (Derlink, 2014) (Fig. 1b). However, the
chirp–pulse interval between dyads is highly variable (Table 1)
and the recorded values span between 47 and 175 ms. The female
vibrational reply is short (mean ± SD = 136 ± 31 ms) and formed by
a series of quickly repeated single pulses (pulse repetition time,
mean ± SD = 30.6 ± 3.7 ms) with broadband frequency characteristics (Derlink, 2014) (Fig. 2a). In a species-specific duet, the short
female replies appear in the intervals between chirps and pulses.
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Fig. 2. Male–female duet of A. bicincta ‘‘Dragonja”. (a) Live male duetting with live female; (b) live male duetting with the autonomous system. In (a) and (b), the spectrogram
is shown above the corresponding waveform. M: pulse–chirp dyad in male call; F: female reply.
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Fig. 3. (a) Hardware design diagram of the autonomous system (AS). (b) Software design diagram of the autonomous system (AS).

1 MByte external SRAM and SD-Card were added for future use
in case if there are larger playback waveforms required which
wouldn’t fit into the internal microcontroller memory.

(Fig. 3b). It acquires the input signal from the audio codec driver
and controls the female response streaming from the playback
buffer.

2.3. AS software

2.4. AS algorithm

The AS software architecture (Fig. 3b) is generally event-driven
(Kavi et al., 2009) and based on a simple preemptive real time
scheduler (Kavi et al., 2009). There are several tasks which run concurrently and have designated roles:

2.4.1. Calculation of linear prediction cepstral coefficients
The peaks that are observed in the spectrum envelope are called
formants (Benade, 1976). The dominant formants of the A. bicincta
‘‘Dragonja” signal extend up to 4 kHz (Fig. 1). To increase the frequency resolution and minimize the computational time, the signal is first down-sampled to 8 kHz using the decimation by
factor 4 and 30th order low-pass Hamming window kernel-based
FIR filter. The 4 kHz signal is then split into N ¼ 512 sample frames.
The frame size N was chosen as a trade-off between the call detector signal smoothness and its transient response, and the computational time required to perform the feature extraction (Fig. 4).
Spectral tilt is defined as the slope of the least squares linear fit
to the log power spectrum (Goncharoff et al., 1996). In a framed
male call signal xs ðnÞ we’ve observed a spectral tilt which we compensated with a digital pre-emphasis filter (Rabiner and Schafer,
2007) whose coefficient k ¼ 0:7 we’ve statistically determined
from 173 male call recordings using an autocorrelation frame
length of 512 samples and the 32-sample overlap (Bou-Ghazale
and Hansen, 2000).

 Communication processing which allows the AS configuration
via PC software.
 System initialization.
 Signal processing.
The communication processing comprises the message transmission and the message processing task (Fig. 3b). The request
messages from the PC are gathered from the USB stack by the protocol parser, converted into system events and relayed to the message processing task via queue. The message processing task
performs the desired action (e.g. adjusts the playback volume)
and sends the system events to the message transmission task.
The message transmission task, using the protocol parser API
(application program interface), prepares response messages and
sends them back to the PC via USB stack.
System initialization is handled by the main task. The main task
initializes the microcontroller peripherals and creates all other
tasks (Fig. 3b). This task is run only once after the AS boot-up
and is removed from the scheduler after completion.
The algorithm processing task periodically executes the AS
algorithm and can be controlled by the message processing task

xp ðnÞ ¼ xs ðnÞ  kxs ðn  1Þ

ð1Þ

Each filtered frame xp ðnÞ is windowed by a periodic Hann window wðmÞ to minimize the signal discontinuities at the frame
edges. The described windowing can be achieved by calling a Matlab function Hann with ‘‘periodic” parameter (MathWorks, 2015).
The periodic Hann window was chosen as it provides a good
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Fig. 4. The line with triangular markers illustrates the dependency between the minimum prediction root mean square (RMS) error and the number of the linear predictive
coding (LPC) coefficients. The lines with the square and circular markers show dependency between the computational time measured on the AS for calculating linear
prediction cepstral coefficients (LPCC) or linear frequency cepstral coefficients (LFCC) and the number of the coefficients for the LPCC and LFCC respectively.

trade-off between the frequency resolution, leakage and amplitude
accuracy, and can be calculated using the same look-up tables as
for the Fast Fourier Transform (FFT).




2p m
;0 6 m 6 N
wðmÞ ¼ 0:5 1  cos
N

ð2Þ

The windowed frame is then subjected to autocorrelation, followed by the Levinson–Durbin recursion to obtain the linear prediction coefficients (LPC) ak (Rabiner and Schafer, 2007). The
linear prediction based cepstral coefficients (LPCC) are an alternative to MFCC or LFCC and are extensively used in human speech
recognition systems (Rabiner and Schafer, 2007). Furthermore,
they seem to produce comparable results to state-of-the-art MFCC
(Bou-Ghazale and Hansen, 2000). The LPCC set cm was derived from
the LPC coefficients ak using the equation below, where the first
LPCC was dropped and the remaining p ¼ 15 were used as classifier
inputs.

c0 ¼ 0
cm ¼ am þ

ð3Þ
X
1 m1
ak cmk ; 1 6 m 6 p
m k¼1

ð4Þ

We’ve chosen p ¼ 15 LPCCs from the computational time profiling on the AS and the prediction root-mean-square (RMS) error
analysis (Fig. 4). The minimal RMS prediction error was calculated
for each of the 173 male call recordings and averaged for each p
(Rabiner and Schafer, 2007).
The resulting LPCCs are stored in a 200 ms long (Table 1 S2P)
circular stack over time, which ensures an immediate availability
of the newest classifier input data at the end of a male pulse–chirp.
Considering the 4 ms frame overlap, 50 LPCC sets are stored in a
circular stack during 200 ms. The LPCC set stream is further decimated by factor of 5 to reduce the number of the classifier inputs
to 150, consequently minimizing the processing time by the same
factor.
2.4.2. Bandwidth-limited call activity detector
To avoid feeding the noise-based LPCC stream into the classifier
and potentially increasing the false positive recognitions, a call
activity detector based on a long-term LPC spectrum peak tracking

was added. The LPC spectrum was chosen as it provides a smooth
call detection signal and can be calculated from the already available prediction error variance and the LPC coefficients (Rabiner and
Schafer, 2007). A in-place radix 2 FFT (Van Loan, 1992) was used
for the LPC-based spectrum calculation. Next, the LPC-based spectrum maximum is searched in a 62 Hz–1.6 kHz frequency range
per each frame. The described frequency range corresponds to
the first formant, which is present over the entire A. bicincta
‘‘Dragonja” male call (Fig. 1b). The long-term maxima (Supplementary Fig. S3) of such frame peaks is tracked over time; as soon as
the maximal frame peak falls below the 70% of the long-term peak,
the classification process starts and the long-term peak value is
reset.
2.4.3. Multilayer perceptron classifier
The multilayer perceptron (MLP) was tested as one of the classification methods as it provides a good model for a simple biological neural system. It is a widely used (Bimbot et al., 2004), nonparametric algorithm which can be adapted for other species with
a similar call structure simply by training the network with a new
data set.
The MLP input data is first normalized to a [1, 1] range using
min–max mapping in order to speed-up the training process and
numerically precondition the MLP inputs. Each input layer perceptron has 15 inputs which correspond to the length of the LPCC set.
10 perceptrons in the hidden layer were chosen as a trade-off
between the computational time and the classification accuracy
Table 2
Accuracy of multilayer perceptron to identify substrate-borne vibrational signals of A.
bicincta ‘‘Dragonja” using 15 LPCCs per set, 10 sets altogether. The number of
perceptrons in the hidden layer varied.
No. perceptrons

Correct (%)

False+ (%)

False (%)

Time (ls)

20
18
16
14
12
10
8
6
4
2

97.87
97.83
97.84
97.76
97.70
97.49
97.23
97.42
97.13
96.49

1.68
1.69
1.71
1.74
1.77
1.91
2.07
1.95
2.16
2.46

0.45
0.48
0.45
0.50
0.53
0.60
0.70
0.63
0.71
1.05

554
504
453
403
353
302
251
201
150
100
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(Table 2). The fully connected MLP structure is comprised of 150
inputs, 10 perceptrons in the hidden layer and a single perceptron
in the output layer, with tahn as transfer function for all
perceptrons.
The MLP classifier was trained using the Matlab function trainscg, which implements the scaled conjugate gradient backpropagation method (Møller, 1993). The number of neurons in
the hidden layer was varied during the MLP learning, and the 10fold random sub-sampling method was used for the MLP validation
per each number of the hidden layer neurons.
2.4.4. Gaussian Mixture Model classifier
The second classification method was the Gaussian Mixture
Model (GMM) as a representative of hybrid classifiers which was
extensively used in previous research (Pinhas et al., 2008;
Lampson et al., 2013; Ganchev and Potamitis, 2007; Potamitis
et al., 2009) and also served as a reference method for the MLP
classifier results.
For a D-dimensional feature set x, the mixture likelihood PðxÞ
with K components is defined (Bimbot et al., 2004) as
K
X

PðxÞ ¼

Nðxjlj ; Rj ÞwðjÞ

ð5Þ

j¼1

With additional constraint for mixture weights wðjÞ
K
X

wðjÞ ¼ 1

ð6Þ

j¼1

Nðxjlj ; Rj Þ represents D-variate Gaussian distribution where
represents a vector of mean values and Rj covariance matrix.



1
1
Nðxjl; RÞ ¼ qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ exp  ðx  lÞT R1 ðx  lÞ
2
ð2pÞD jRj

"
#
1
1 ðxd  ld Þ2
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ exp 
2
r2d
d¼1
2pr2d

D
Y

ð7Þ

ð8Þ

This substantially decreases the GMM computational time and
the memory requirements at the expense of classifier accuracy
(Magdon-Ismail and Purnell, 2012; Bimbot et al., 2004). To avoid
numerical underflow and to further optimize the computational
time a logarithmic likelihood is used instead.

logðNðxÞÞ ¼ C 

D
1X
ðxd  ld Þ2
2 d¼1
r2d

ð9Þ

where C represents precomputed constant.

C¼

D
X

D
1
logð2pÞ 
logðr2d Þ
2
2 d¼1

ð10Þ

2 classes were used for the GMM, one corresponding to the
male calls and the other to the incidental noise (Pinhas et al.,
2008). Class is selected by comparing the logarithmic mixture likelihoods logðPðxÞÞ of all classes.

logðPðxÞÞ ¼

K
X
½logðNj ðxÞÞ þ logðwðjÞÞ

2.5. Training data preparation
Both the MLP and the GMM classifiers were trained using 173
non-modified audio recordings of live male’s advertisement calls
captured with the laser vibrometer on various plants. The manual
preparation of data involved the separation of recorded male
pulse–chirp sequences into individual files. Due to a large amount
of data further steps were automated using a reference algorithm
with an aim of reducing the false positive recognitions in call activity detector miss-triggers and potentially reducing the latency
variations between the end of a male pulse and the start of a
female playback. First the LPCC feature extraction and the call
detector part is executed on a PC which stores the LPCC sets and
the corresponding timestamps into a text file for each recording.
Then a reference algorithm processes the recordings and calculates
the expected female response positions within the male call
recordings (Fig. 2). The reference algorithm first re-samples the
recorded signal to 32 kHz and removes the offset to meet the
actual AS input signal conditions. Then it extracts the envelope
using the absolute value rectifier followed by a N ¼ 1024 point
moving average. The envelope is further convolved with the 4096
point Gaussian derivative kernel xd with parameters l = 2048 and
r = 32,768 to obtain rising (hills) and falling (valleys) edges of the
envelope.

lj

In case of a diagonal covariance matrix R, the Eq. (7) simplifies
to a product of D one-dimensional Gaussian distributions where ld
represents the mean value and rd represents the standard deviation of each Gaussian.

NðxÞ ¼

varied within the processing time limits required by the MLP classifier, with the 10-fold random sub-sampling method used for the
GMM validation per each mixture number.

ð11Þ

j¼1

The GMM was trained using the Matlab function gmdistribution.fit, which implements the expectation maximization algorithm (Geoffrey McLachlan, 2000). The number of mixtures K was

xd ðnÞ ¼ exp

"
#
ðxðnÞ  lÞ2

r

ð12Þ

The reference algorithm then searches the resulting signal for
valleys below the 70% of the global valley minima, which are separated for more than 1024 samples. A compensation of the valley
positions for the moving average and the Gaussian edge detector
delays finally provides timestamps for the expected female
responses (Fig. 2), approximately at the middle of the CPI interval
(Fig. 1). If the LPCC set time-stamp lies within 56 ms range of the
reference algorithm time-stamp, the LPCC set is marked as valid,
otherwise it is marked as invalid.
The male movement on the stem and non-specific call segments
(Fig. 1a) were separated into a second group of the audio files. The
extracted LPCC sets from these audio files were marked as invalid.
The final classifier-learning data comprised of 39,076 valid LPCC
sets and 13,065 invalid LPCC sets. The learning data was split into
70% for training, 15% for validation and 15% testing the GMM and
the MLP classifiers.
2.6. Insect collection and maintenance
Young adult leafhoppers of A. bicincta ‘‘Dragonja” were collected
in mid-May 2014 in the Dragonja Valley using a sweep net and
motor-driven suction sampler (McCulloch, BVM 250, Electrolux).
In the laboratory the males and females were kept separately, in
plastic boxes (38  26  17 cm) at 23–28 °C in 50–70% humidity
and in a 16:8 h (light–dark) photoperiod. Leafhoppers were fed
on cut alfalfa (Medicago sativa) or red clover (Trifolium pratense),
and kept in vials filled with water and replaced twice a week. Individuals used in behavioural experiments were put in individual
plastic cups (0.5 L in volume) a day before the first trials and fed
as described above. Due to morphological similarities between
Aphrodes species, the species identity of males and females used
in the behavioural experiments was determined prior to the experiments by recording their calls and determining their preferences
(Bluemel et al., 2014; Derlink et al., 2014).
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2.7. Experimental setup

2.8. Experimental protocol and vibrational stimuli

The behavioural experiments used to test the efficiency of the
AS were performed at the National Institute of Biology (Ljubljana,
Slovenia) in mid-June 2014. All the experiments were performed
on a red clover plant (T. pratense) at room temperature (20–
25 °C) and in 40–50% relative humidity. The top of the plant with
two branches (of a height of 25 cm) was cut off, the bottom of
the stem inserted into a vial filled with water to prevent withering,
and placed upright into a jar filled with moist artificial substrate
(Fig. 5). The main stem was positioned within a circular opening
(10 cm in diameter) of the custom-made wooden tripod. To cover
the hole, overlapping incised paper circles were positioned around
the stem, thus creating a platform to prevent males from walking
down the stem to the vial. The stem of the left branch was attached
to a vibration exciter (Fig. 5).
The same plant was used for all experiments. Female replies
were applied to the left clover stem via the conical tip of a 5 cm
metal rod (4 mm in diameter) screwed firmly into the head of
the vibration exciter (Minishaker type 4810, Brüel & Kjær, Nærum,
Denmark) and fixed at the top of the left branch stem with a BluTack. The vibration exciter was driven from the computer either
via a Sound Blaster X-Fi Surround 5.1 pro sound card (Creative, Singapore) by Cool Edit Pro2 (Syntrillium Software, Phoenix, USA) or
by AS (see below). The beam of the laser vibrometer was focused
on the reflective tape placed on the main stem 0.5 cm below the
branching point. The output signal of a laser vibrometer was connected to the AS and to the sound card mentioned above. The registered vibrational signals were stored in a computer using the
Cool Edit Pro2 software at the sampling rate of 48 kHz and a 16bit resolution. The male behaviour accompanying the recorded
vibrational signals was simultaneously filmed with a 3CCD video
camcorder (Canon DM XM2) fitted with a 4.2–84 mm zoom lens.

22 males of A. bicincta ‘‘Dragonja” were tested in a 2-day experimental series. Males were randomly assigned into two equal
groups; on each day one group was tested with a live female and
the other with the AS. Each male was tested once with each treatment. During the experimental day we alternated trials with AS
and a live female. A different sexually receptive female (11 females
altogether) was used for each live female test on a particular day. A
single male was placed on the top of the right clover stem, while the
live female was placed on the top of the left stem (Fig. 5). In order to
induce the emission of advertisement calls in both treatments,
males were stimulated once with a pre-recorded A. bicincta
‘‘Dragonja” duet played from the computer. The amplitude of stimulation was adjusted to the level of naturally emitted male advertisement calls and female replies registered at the point of
recording. In trials with the AS, a pre-recorded female reply (see
below) was played from the AS in response to calls emitted by
the live male. The trials continued for 15 min after the emission
of the first advertisement call or until the male localized the source
of female reply (live female or vibration exciter), whichever came
first. The female reply played from the AS had the following parameters: duration = 44 ms, pulse repetition time = 26 ms, dominant
frequency = 1062 Hz, frequency range = 2031 Hz. This prerecorded signal was taken from the library of recordings at the
National Institute of Biology. It was recorded with a PDV-100 laser
vibrometer on a clover stem 3 cm from a singing female. Since the
interval between dyads is variable, this signal was shortened to 2
pulses by eliminating the first and the last pulse in a sequence using
Cool Edit Pro 2 computer program in order to assure that female
reply always appeared only in the interval and did not overlap with
the next pulse in the sequence (Fig. 2b). Female replies composed of
only two pulses often appear also in natural duets (Fig. 2a).
In all experiments the following male behavioural parameters
were monitored: number of emitted pulses, number of males
searching (defined as walking, i.e. leaving the starting position on
the plant), search latency (time between the establishment of a
duet and the onset of male walking), number of males locating
the source, and searching time (time needed to locate the source
after the onset of searching). In addition the male’s directional
choices at the branching point were also noted. From the recordings the following parameters of replies emitted by the live
females were determined: number of emitted replies, reply duration and reply latency (time between the amplitude peak in the
male pulse and the first pulse in the female reply). From the
recordings the number of replies emitted by the AS were also
scored, with the number of false positive responses determined
and the reply latencies measured. To determine the recognition
accuracy the proportion of male pulses and the number of female
replies to these pulses was calculated.
2.9. Analyses

Fig. 5. A schematic drawing of the experimental set-up showing the initial
positions of the male (M) and the live female (F) on the clover plant, where
playback of the female reply was applied via vibration exciter (VE) and where
vibrational signals were registered by laser vibrometer (LV). A paper platform (PS)
prevented males from walking into the vial. Not drawn to scale.

Audio recordings were analysed using the Cool Edit Pro 2 software, Raven 1.3 (Cornell Lab of Ornithology) and Matlab R2011a
(Mathworks Inc.). To evaluate the efficiency of the AS behavioural
parameters obtained in the trials with the AS and live females were
compared. Only males that located the source of the female reply
were included in the analyses of searching time. Since the observed
parameters were often not normally distributed (Shapiro–Wilk
test: p < 0.05), the data was analysed with a non-parametric
Wilcoxon rank sum test when applicable. A one-tailed Fisher’s
exact test was used to compare the numbers of searching males
and numbers of males locating the source. All statistical analyses
were conducted using Matlab R2011a and R version 2.15.2
(R Development Core Team, 2013).
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3. Results

3.3. Behavioural experiment

3.1. AS performance

When duetting with a live female males emitted 5898 pulses
within species-specific advertisement calls; when duetting with
the AS they emitted 16,775 pulses. The recognition accuracy did
not differ significantly between two treatments (Fig. 6).
However, there were substantial differences in the recognition
accuracy of pulses emitted by different males (Supplementary
Fig. S1) and it should be noted that the accuracy of live females
was often below 50%. The percentage of false positive replies of
the AS was low (Fig. 6). The latency of female replies played from
the AS was on average 8.3 ms shorter than reply latency of live
females. Although latency difference was significant (Fig. 7), it
represents only 10% of the average CPI interval (Table 1). However,
when only those trials in which males located the vibration exciter
were taken into account, the difference was not significant
(Supplementary Fig. S2).
Although the proportion of males starting to search for the
female did not differ whether males were duetting with the AS
or with a live female (Fig. 8b), the search latency was significantly
shorter in the presence of a live female (Fig. 8c). Furthermore,
although the males’ signalling activity was significantly higher
when duetting with the AS (Fig. 8a), they were less successful in
localizing the source of the female reply (Fig. 8d) and also needed
more time to find the source (Fig. 8e).
While all males located the live females within the allotted
time, only six males located the vibration exciter. There was no difference in the localization success between both experimental days
(two-tailed Fisher’s exact test, p = 0.635). When duetting with the
AS, 20 males started to search, and although 16 of them reached
the branching point on the clover stem, only nine walked to the
vibrated left stem. From the 14 searching males that failed to
locate the source, nine walked down, past the branching point,
and then off the plant to the paper platform, not returning to the
plant. In such a situation the nine males duetting with a live female
all walked back to the plant.

3.2. Classifier simulations
The accuracy of MLP and GMM classifiers was tested using Matlab and 173 A. bicincta ‘‘Dragonja” recordings to determine which
of the methods performed better. In addition a profiling on the
AS was performed to obtain the execution speeds for the classifiers.
Comparisons of different classifier accuracies were done at similar
computational times.
The following notation applies to Tables 2 and 3.
 Correct: The ratio between the number of detected calls and the
number of all calls.
 False+: The ratio between incidental noise detected as a call and
the number of all calls.
 False-: The ratio between calls detected as incidental noise and
the number of all calls.
 Time: Classifier execution time measured on the AS using a
microsecond counter.
The MLP generally provides overall high recognition accuracy
(Table 2) which increases slowly with the increasing number of
the perceptrons in the hidden layer. The difference between the
best result at 20 perceptrons and the worst result at 2 perceptrons
in the hidden layer differs by only 1.38% while the computational
time increases by slightly more than 5 times.
The GMM classifier shows no apparent correlation between the
computational time and the recognition accuracy. This is likely due
to the limited number of mixtures which produce similar computational times to those of the MLP (Table 2). As in the MLP classifier
no significant increase of the recognition accuracy is observed with
the increase of the computational time.
Similar differences in recognition accuracies between the artificial neural network and the GMM classifiers were also observed in
the previous research (Lampson et al., 2013). Since the GMM classifier performed worse (Table 3) than the MLP classifier (Table 2)
the latter was chosen as the classification method for the actual
experiment.

Table 3
Accuracy of diagonal covariance matrix Gaussian Mixture Model to identify the
substrate-borne vibrational signals of A. bicincta ‘‘Dragonja” male pulses using the 15
LPCCs per set, 10 sets altogether. The number of mixtures varied.
No. mixtures

Correct (%)

False+ (%)

False (%)

Time (ls)

1
2
3
4
5

92.48
90.84
90.40
90.68
90.27

1.76
5.18
5.39
5.18
6.15

5.76
3.98
4.21
4.14
3.58

121
239
356
474
591

4. Discussion
In this paper a low cost AS was presented which in terms of
recognition accuracy and response latency behaves similar to a live
female. Apart from the call recognition accuracy and reduced noise
sensitivity, addressed in automatic detection systems described so
far (Ganchev and Potamitis, 2007; Lampson et al., 2013; Potamitis
et al., 2009), the hard real time operation, mandatory to achieve a
proper communication rhythm with a live male had been met. The

100
Recognition accuracy [%]

The entire AS algorithm takes 3761 ± 45 ls (mean ± SD) to process a single male call (number of measurements taken n = 30).
The AS consumes in average 735 mW during the operation, but
it should be noted that neither the AS hardware nor the software
were power optimized.
Measurements of the voltage resolution of the AS have shown
an effective 201 lV which exceeds the resolution of the analogue
vibrometer output 600 lV at 20 mm/s range.
The AS software binary compiled with the MDK ARM compiler
(code optimization disabled) uses 64 KBytes of internal flash memory and 105 KBytes of internal SRAM memory.

80
60
40
20
0
LF (N=22)

AS (N=22)

AS FP (N=22)

Fig. 6. Recognition accuracy of the live A. bicincta ‘‘Dragonja” females (LF) and of
the autonomous system (AS). AS FP: false positive recognitions of the AS. Box and
whiskers plots show the median (black line), the 25–75% interquartile range
(boxes), the lowest and the highest data points still within the 1.5 of interquartile
range (whiskers) and outliers (+).
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Response latency [s]
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Fig. 7. Response latency of the live A. bicincta ‘‘Dragonja” females (LF) and of the
autonomous system (AS). Box and whiskers plots show the median (black line), the
25–75% interquartile range (boxes), the lowest and the highest data points still
within the 1.5 of interquartile range (whiskers) and outliers (+). LF, AS: N = 22.
Wilcoxon rank-sum test, ⁄⁄p < 0.01.
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autonomous system mimicking a duetting female also attracted
males to the source of a female reply. Although fewer males localized the source when duetting with the AS, it should be emphasized that in the absence of a female reply none would arrive to
the source by chance.
The AS allows the user to upload different female playback files
in wav format from the PC and adjust the volume of the playback.
The user can also adjust the playback response latency in millisecond steps. This makes the AS invaluable as a research tool, which
allows further study of vibrational communication of leafhopper
and planthopper pests.
Despite the overall good performance of the AS, there are several possible improvements which should be considered in future
work with A. bicincta ‘‘Dragonja”.
There are several possibilities to explain the low success in
locating the source when duetting with the AS. Analyses revealed
that the replies of the live females were on average 51 ms longer
(one-sample T-test, p < 0.05). Another factor that influenced the

Fig. 8. Male behaviour in experiments with a live female (LF) and the autonomous system (AS). (a) Number of emitted advertisement calls, (b) proportion of males searching
for the source of female replies, (c) search latency, (d) proportion of males locating the source of female replies, (e) searching time. Box and whiskers plots show the median
(black line), the 25–75% interquartile range (boxes), the lowest and the highest data points still within the 1.5 of interquartile range (whiskers) and outliers (+). (a), (c), (e):
Wilcoxon rank-sum test, ⁄⁄p < 0.01, ⁄⁄⁄p < 0.001; (b), (d) one-tailed Fisher’s exact test, ⁄⁄⁄p < 0.001. N = number of males included in the analyses.
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localization success was the low amplitude of male calls when
males walked off the stem to the paper platform. In such a situation the amplitude of male call hidden in the background noise
was below the noise threshold of the AS. In the future, the difference in reply duration between the live female and the AS could
be reduced by uploading a live female response audio file with a
longer duration to the AS. The difference in reply latencies could
be minimized by prolonging the female response latency of the
AS system by 8.3 ms (Supplementary Fig. S2). The minimal signal
level threshold of the AS was adjusted manually from the PC during the experiments. By introducing an automatic noise measurement and signal level threshold calculation (Rach et al., 2013)
the AS sensitivity would increase. This would improve the performance in situations where the signal level does not exceed the
minimal threshold. Also observed was the fact that the AS noise
floor increased by 26 dB when connecting the AS to an active laser
vibrometer, which likely influenced the recognition accuracy
(Lampson et al., 2013; Rach et al., 2013). This noise could be
reduced with a noise reduction algorithm in the AS. Preliminary
simulations with the spectral subtraction method (Boll, 1979) have
shown promising results. By using such a method in conjunction
with the LFCC or MFCC the real time constraints could also be
met, provided that the call activity detector uses spectral information (Ramírez et al., 2004) instead of the LPC-based spectral
envelope.
A greater generalization of the MLP could be achieved by preclustering the MLP training data (Ganchev and Potamitis, 2007).
The false positive recognitions may be reduced by a variable decimation of the LPCC. Non-stationary parts of the male call would
have more LPCCs than the quasi-stationary parts, thus increasing
the temporal resolution of the classifier input. An automatic equalization of the female response could be realized to compensate for
the transfer function of the plant, thus avoiding the playback signal
distortions when different plants are used. The AS could be
adapted for other pest species with similar temporal structures
(continuously repeated pulses) simply by re-learning the MLP with
the suitable training data, setting the proper female playback signal and adjusting the playback latency if required. Such species,
for example is Scaphoideus titanus that is a vector of a lethal grapevine disease Flavescence dorée (Mazzoni et al., 2009). Species with
larger deviations in a temporal structure than the A. bicincta
‘‘Dragonja” would further require an adaptation of the LPCC decimation constant and the algorithm control logic flow. In terms of
vibration signal acquisition limitations, advances in laser vibrometry (Giuliani et al., 2003) may provide a viable low cost alternative
for the registration of low amplitude substrate vibrations.
5. Conclusions
The AS can be used either as a vibrational trap or as a means to
study insect behaviour further, with the aim of developing an
advanced mechanism for pest control based on vibrational communication. Although at the current stage the implementation of
the AS in the field my seem limited due to technical obstacles in
detecting and applying vibrational signals, it is worth considering
this approach in future efforts to find alternative control strategies
(Polajnar et al., 2015), particularly as part of an integrated hightech crop protection system (Zijlstra et al., 2011).
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Bluemel, J.K., Derlink, M., Pavlovčič, P., Russo, I.R.M., King, R.A., Corbett, E., SherrardSmith, E., Blejec, A., Wilson, M.R., Stewart, A.J., Symondson, W.O., VirantDoberlet, M., 2014. Integrating vibrational signals, mitochondrial DNA and
morphology for species determination in the genus Aphrodes (Hemiptera:
Cicadellidae). Systemat. Entomol. 39, 304–324. http://dx.doi.org/10.1111/
syen.12056.
Boll, S., 1979. Suppression of acoustic noise in speech using spectral subtraction.
IEEE Trans. Acoust., Speech Signal Process. 27, 113–120. http://dx.doi.org/
10.1109/TASSP.1979.1163209.
Bou-Ghazale, S.E., Hansen, J.H., 2000. A comparative study of traditional and newly
proposed features for recognition of speech under stress. IEEE Trans. Speech
Audio Process. 8, 429–442. http://dx.doi.org/10.1109/89.848224.
Broughton, W., 1963. Method in bio-acoustic terminology. In: Busnel, R.G. (Ed.),
Acoustic Behaviour of Animals. Elsevier, Amsterdam, The Netherlands, pp. 3–24.
Cocroft, R.B., Rodríguez, R.L., 2005. The behavioral ecology of insect vibrational
communication. BioScience 55, 323–334. http://dx.doi.org/10.1641/0006-3568
(2005)055[0323:TBEOIV]2.0.CO.
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