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The paper presents an application of signal processing and computational intelligence methods to
detect presence of the wood boring insects larvae in the wooden constructions (such as the furniture of
buildings). Such insects are one of the main sources of the degradation in such objects, therefore they
should be detected as quickly as possible, before inflicting serious damage. The presented work involved
the acoustic monitoring for detecting the presence of the larvae inside pieces of wood. An accelerometer
was used to record the sound, further analyzed by a computer algorithm extracting features important
for artificial-intelligence (AI) based classification employed to detect the old house borer’s (Hylotrupes
bajulus L.) activity. The presented task is difficult, as the sounds made by the larvae are of relatively
low amplitude and the background noise caused by people, electrical appliances or other sources may
significantly degrade the accuracy of detection. The classification of sounds is needed to separate sources
of noise which deteriorate the proper larva detection and should be suppressed if possible. The employed
classification was based on features defined in the time domain followed by the support vector machine
used as the binary classifier. The results allowed us to assess the effectiveness of the old house borer’s
detection by the acoustic analysis enhanced with the AI algorithm.
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1. Introduction

Monitoring of the wooden constructions and struc-
tures (such as old buildings or furniture) is the im-
portant operation executed by the specialists respon-
sible for maintaining them in as good shape as possible.
This process is economically justified as such objects
are usually highly valuable and have to be protected
from the environmental degradation. The wood must
be conserved and protected from the decay. The wood-
worm vermin are responsible for substantial losses and
make the task for the renovators difficult. The larvae of
the particular beetles spend most of their lives in the
pieces of wood, where they are safe and able to feed.
Unfortunately, it is difficult to detect their presence
in the wooden construction in early stages of infesta-

tion, when they are scarce and small. After growing up
and breeding, they are easier to identify, but at that
stage the damage is already substantial. This makes
the early detection crucial and inspires multiple ap-
proaches to do the task. The particular insect’ speci-
mens feed on different types of wood, which requires
individual approach for every species. This forms the
demanding practical and research task, requiring de-
velopment of both signal processing and automated
classification methods.
To decrease the damage inflicted to the material,

only the non-intrusive approaches are proposed, where
the wooden structure remains intact. All methods im-
plemented so far use either visual examination or ra-
diation at the predefined frequency range. Contrary to
the x-ray and infrared applied before with mixed re-
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sults, the Acoustic Emission (AE) analysis of the feed-
ing larva is the novel approach, drawing attention of
researchers. Multiple problems have to be solved in
this scheme: the existence of the additive noise, vari-
ous sound patterns made by the larvae of various age
and sizes. Also, the fabric of the wood may be different,
depending on its condition, moisture, etc.
The paper presents the novel approach for the old

house borer presence detection based on the acoustic
analysis of the sound made by larva during the feeding.
Its topic and proposed solution is similar to the work
presented in (Schofield, 2011), where time domain
features are considered to identify the larvae presence
in the wood. The main differences from that work in-
clude the analyzed species, the algorithm for distin-
guishing larva-sounds from the background noise and
the insect classification method. Our solutions are sim-
pler while maintaining the high accuracy. We applied
the Support Vector Machine (SVM) to automatically
identify the presence of the insect in the wood. The
large sound data sets (containing almost 200 samples)
were used to verify effectiveness of our method. The
paper has the following structure. In Sec. 2 the char-
acteristics of the problem of non-intrusive monitoring
the larva is introduced. Section 3 presents the approach
proposed by Authors. In Sec. 4 the AI-based identifi-
cation and its requirements are introduced. Section 5
presents the applied SVM binary classifier. Experimen-
tal setup and results are discussed in Sec. 6, while the
conclusions and future prospects of the method are
presented in Sec. 7.

2. Woodworm lifecycle characteristics

The wood boring insects are currently the main
cause of damage in the wooden constructions. This is
especially true for the portable pieces of art (such as
sculptures), rooftops or bearing pillars in the apart-
ments. The most dangerous species of insects destroy
the wood by dwelling inside it for many generations,
causing its total destruction. The most dangerous in-
sects are old house borer (Hylotrupes bajulus L.) –
Fig. 1, and common furniture beetle (Anobium punc-

Fig. 1. Old house borer larva.

tatum De Geer). Both species exist in the wide areas
of Poland, dwelling in various types of trees, which
facilitates their aggressive expansion. They are often
spotted in so-called skeletal constructions, common in
buildings raised in the beginnings of the XXth cen-
tury. Other species of wood-dwelling insects, such as
termites, cause damages inside buildings, feeding on
paneling, floor or furniture.
The analysis of the presented insects (especially ex-

ploiting the acoustic signals) is influenced by multi-
ple factors. The most important is the temperature,
as the larvae activity is high only within the specific
range, which should be maintained during the exper-
iments. Although the common furniture beetle and
the death watch beetle (Xestobium rufovillosum De
Geer) prefer medium temperatures and high humid-
ity (therefore living in the vicinity of basements), the
old house borer can be met in the higher tempera-
ture locations (common in roofs and attics). Secondly,
the size of the specimen influences the characteristics
(amplitude and duration) of the generated sound. It
was proven in (Hetzroni et al., 2016) that each insect
behaves differently and generates specific sounds, de-
pending on both the thickness of wood and structure
of the feeding apparatus (Chiappini, Nicolialdini,
2011).
The methods of the wood state analysis used so

far allow for detecting the existence of the vermin in
the relatively late stage of the infestation, i.e. when
the damage is visible by the naked eye and therefore
difficult to repair. Especially important are the non-
intrusive approaches, leading to the quick and cheap
assessment of the wood state. The detailed costs of the
specific approach depend on the physical phenomenon
applied to the task. One of the most important draw-
backs of the currently applied approaches is the lim-
ited ability of the in-situ implementation. The mea-
surement equipment should be relocated outside the
laboratory whenever there is the need to verify the
state of the construction or the sculpture in the loca-
tion far from the research facility. Most of the currently
available approaches are used only in the laboratory
conditions, which raises questions about their versatil-
ity and flexibility:
a) Visual examination of the analyzed object by the
human expert. He/she is responsible for finding
traces of the insects’ existence in the wood (such
as holes or feces). Because larvae make sounds
during the feeding on the wood, they should be
heard as well.

b) Usage of the chemo- and olfactory sensing tech-
nique delivered by sniffer dogs. They are able to
detect insects during at least the medium stage
of infestation. This method requires especially
trained dogs and is relatively costly.

c) Measurement of the oxygen consumption by in-
sects. When feeding or moving, the larvae breathe
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more intensely, which can be detected, assuming
that the reference level of the gas in the air is
known (Stusek et al., 2000).

d) Application of the videoendoscopy to discover the
actual state of the wooden construction. The ob-
tained image allows for identifying the damages
made by the wood boring insects (Krajewski,
Witomski, 2005). The disadvantage of this ap-
proach is its invasiveness, i.e. the need to insert
the device to the interior of the wood.

e) The radiological methods exploiting the Roent-
gen or neutron radiation. This is the popular
approach, because of its high accuracy during
the material state assessment. In (Osterloh,
Nusser, 2014) the approach was applied to the
analysis of the antique wooden sculptures, while in
(Fiala et al., 2014) the X-rays were used to detect
wood boring insects in the boards of the build-
ing floor and roof. The supplementary method to
the radiological analysis was the electroacoustic
wave. Its scope was limited, though, the objective
was just to detect the existence of the larvae, not
determine their species (as it is proposed in this
project).

f) The computer tomography is the extension of the
radiological approach. As the traditional method
allows for creating the two-dimensional image of
the object exposed to the X-rays, the application
of the tomography leads to three-dimensional im-
ages with high resolution. In (Mikołajska et al.,
2012) the method was used to create images of the
antique sculpture in the plane and space. This en-
abled localization of the holes created by the feed-
ing larvae. In (Stirr, Waddle, 1999) tomogra-
phy images were applied to analyze the condition
of the wooden violin.

g) The infrared spectrum allows for detecting the lo-
cal changes in the temperature. The method is
implementable with the help of various camera
types. In (Hoffmann et al., 2013) the application
of such a system to analyze the state of the young
trees in the forest was described. The method is
not of much use in the in-situ investigation, as
the sick trees were difficult to distinguish from the
healthy ones.

The described methods are characterized by the fol-
lowing flaws, which justify proposing new methodolo-
gies:

a) Weak portability, as the hardware used for the
analysis is usually large, making it usable mainly
in the laboratory (which is especially true for the
Roentgen rays and the computer tomography).

b) Methods exploiting the radiation beyond the visi-
ble range are useful in visualizing the current state
of the wood, but are not accurate enough to detect
and identify the living wood boring insects.

c) The applied hardware is usually expensive, mak-
ing it economically profitable only when used in-
tensively in multiple analyses.

d) The analysis of the collected material requires the
presence of the human expert. The modern com-
puters are advanced enough to be used for the
automated classification of objects based on the
vectors of features, describing the particular piece
of wood (and the worm inside).
Most of the disadvantages are avoided by the AE

analysis. This approach has been tested for the last
seventy years, using various types of equipment. The
latter started from the standard microphones (Pence
et al., 1954), which were quickly abandoned in favour
of piezo-electric or bi-morph sensors (Farr, 2007) or
accelerometers (Mankin et al., 2004). They are cur-
rently preferred as they have a higher sensitivity to
the sound carried in the solid material such as wood.
The ultrasound inspection was also tested (Fleming
et al., 2005) but with poor results. On the other hand,
the laser vibrometry (Zorović, Cokl, 2015) is the
non-contact method with acceptable accuracy. Its dis-
advantage is the high cost. The considered objects in-
cluded trees, wooden furniture and pallets for com-
modity goods. The research conducted using AE cov-
ered termites (Lemaster et al., 1997) and the most
dangerous species of Cerambycidae. The method was
also considered for old house borer, but its applica-
tions were limited to determining the ability of record-
ing the acoustic effects related with the existence and
feeding of larvae in the wood (Kerner et al., 1980).
It was proven that this method can be used to as-
sess the intensity of infestation of the wooden con-
struction element (Krajewski et al., 2012). The main
problems reported from the above experiments in-
clude the difficulty of detecting the larvae presence
with the background noise and distinguishing between
various species of insects. Unfortunately, both aims
are difficult to achieve and so far relied on the in-
tuition and experience of researchers. The automated
approaches would be more effective, but they are not
fully exploited. Machine learning modules used for
the research mainly include Artificial Neural Networks
(ANN) (Schofield, 2011). This calls for additional
intelligent approaches.
The proposed methodology has the potential not

only for the detection of the particular type of larva,
but also distinguishing between various species of
insects. The scheme is also economically attractive,
requiring the minimal sound acquisition equipment.
The Authors made the preliminary tests based on
the acoustic analysis of the infested pieces of wood
(Krajewski et al., 2012). However, the analysis ex-
ploited the human expert manually assessing the state
of the object. The intensity of the infestation (the num-
ber of larvae and their age) was based on the intuition,
therefore it can’t be used as the impartial method.



64 Archives of Acoustics – Volume 42, Number 1, 2017

3. Non-intrusive wood boring insects

detection system

The proposed system is compliant to the generic
architecture of the automated data acquisition (DAQ)
and decision making scheme (Fig. 2). Three operations
performed here are connected to the main steps of any
methodology implemented in the analysis of the ac-
tual system. The data acquisition is responsible for
collecting the vibrations from the piece of wood with
the single accelerometer attached to it using the sticky
paste. The DAQ system consists of the piezoelectric
CCLD sensor (model 4507-B-005 from the Brüel &
Kjaer company) and the external sound card (model
E-MU Tracker Pre from the Creative company) con-
nected to the Lenovo Ideapad laptop, with the Adobe
Audition software controlled by the Windows 7 op-
erating system. This way the portable system was
crated, easily movable to the desired locations, re-
sponsible for recording the sound from the sensor and
saving it to the binary wavfile. The applied sensor
is a cheap solution, yet adjusted to accurately mea-
sure sound carried in the wood. It is simpler than any
other device with comparable accuracy, such as the
laser vibrometry or piezoelectric sensor. It is also eas-
ily attached to the piece of wood (glued to the sur-
face), without any intrusive technique (such as drilling
holes).

Fig. 2. Scheme of the wood boring insects detection system.

Next, its content may be processed by the identi-
fication module, operating on the same computer in
the off-line mode. The identification process consists
of two consecutive steps. The first one is the detec-
tion of the sound that might be caused by the larva.
Subsequently, the identification procedure is executed.
Its resolution and accuracy depends on the desired ef-
fect. In the simplest case the aim of the module oper-
ation is determining the presence of the insect in the
analyzed wooden construction. In the most desirable
configuration, various species of the vermin would be
discovered. The advantages of the proposed approach
include the low cost (only the single sensor is required)
and the flexibility – the identification method may be
selected from the broad area of algorithms. The draw-
backs include the difficulty of detecting and identifying

the insect species, especially in the noisy environment,
as will be discussed below.
Even in the simplest application, the problem of the

proposed scheme is the existence of other sources of vi-
brations, recorded by the accelerometer. Such sources
as the human voice, working machinery, accidental in-
teraction with the surrounding environment may be
the serious obstacle for the proper and accurate wood-
worm detection. Such sounds may be treated as the
background noise, which should be suppressed if pos-
sible. The obvious solution to this problem is using
the isolated laboratory premises, where all unwanted
sound sources would be eliminated. Unfortunately,
such isolated environment can’t be used in many situ-
ations, for instance, when the analysis is to be per-
formed in the wooden building. Although the labo-
ratory recordings are still useful (for instance, while
creating the training vectors for the classifiers), the
methodology must be tested in terms of distinguishing
between the larvae and non-insect objects. It is impor-
tant to determine which sounds are recorded by the ac-
celerometer and what are their characteristics, usable
for separating the particular categories of sounds. The
problem of extracting the larva sound from the back-
ground noise was considered in (Schofield, 2011).
The fractal dimension analysis was used there as the
detection module. It required setting the threshold
above which the dimension represents the sound, and
not the background noise. As the alternative, the sound
energy can be analyzed, similarly requiring the thresh-
old, above which the signal is considered a candidate
for the larva identification. In our experiments it was
assumed that every sound above the threshold must be
processed, which allows for using the latter approach,
requiring smaller amount of computations.
Two configurations of recorded sounds are possible

to cause the problem for the system:

• The sound recorded from the single source, either
the larva or another object (such as the human be-
ing or the electrical device). In this case, the sys-
tem must only make decision whether the vibra-
tion is caused by the insect or not. This scheme re-
quires the binary classification, separating insect-
originated sounds from all other.

• The sound is the superposition of vibrations com-
ing from various sources at the same time. This is
the more demanding situation, as multiple com-
binations of sounds require the more detailed re-
search, both regarding the useful signal features
and the particular classifier.

To solve both problems, three stages of operation
should be prepared. The first one is the initial as-
sessment of the created system where the background
sounds are selected randomly. The second stage in-
volves selecting the background sounds as close to
the larva-originated as possible. Finally, the ability
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to distinguish between the sounds of old house borer
species and the larvae of wood boring insects should
be checked. In the presented research the first step is
verified.
Although detection of the larva in the isolated en-

vironment is relatively simple (as long as the insect
makes sounds while dwelling in the wood), its identifi-
cation may be difficult. This is because the sound made
by the specimen depends on the series of factors, which
must be considered during the design of the automated
classifier:

• The activity of the larva depends on the tempera-
ture and humidity. It is important to know the be-
haviour of the specific insect species and prepare
the recording conditions to increase the chance of
detecting the larva.

• The recorded sounds will differ for the same
species, depending on the age and size of the larva.

• The type of the wood, in which the insect feeds is
also important. The sound produced by the larva
is the sound of breaking fibers. Their condition
and structure influences the particular sound pat-
tern. For instance, the behaviour of the wet and
dry matter gives quite different results, although
the same insect lives inside.

4. Artificial intelligence classification method

The presented scheme is assumed to exploit the au-
tomated classification method. The AI is currently the
popular approach to solve similar problems. The appli-
cation of the particular algorithm to the task requires
implementing the following operations (Fig. 3):

• Training on the available data set. This process
consists in extracting knowledge from the avail-
able vectors of features and storing it in the form
characteristic for the particular algorithm. This
operation belongs to the machine learning domain
(Mitchell, 1997).

• Exploitation of the previously extracted knowl-
edge to make decisions about the presence or ab-
sence of the wood boring insects in the analyzed
piece of wood. This way the applied method works
as the expert system.

Fig. 3. AI-based wood boring insect detection scheme.

The AI-based decision making is performed based
on the vector of features, extracted from the sound

waveform. Their selection has the key importance for
the accurate classification of objects. This requires the
analysis by the human expert, having knowledge about
the nature of the signal. The first step in creating
data for training the classifier involves listening to the
recorded samples, trying to determine, which sound is
made by the worm, contrary to the background noise.
Preparation of the samples is a difficult task, con-

sisting in breeding the larvae in the specified pieces
of wood. Because such insects spend most of their
lives in the larva form, this process is time consuming.
The specimens must be held in the proper conditions
(temperature and humidity), breeding for a couple of
months. After they reach the adolescence, the record-
ing trials may commence. For the presented research,
two groups of objects must be recorded: larvae and
other sources (caused deliberately during the exper-
iment, such as scratching the surface of the wooden
piece, talking, etc.). This way the information about
the characteristics of the selected sounds is collected.
They are all required to determine, which sounds
are the most difficult to distinguish from the insect-
originated. At this stage, the recordings should be
made in the isolated environments (such as the ane-
choic chamber), where occurrence of all sounds is con-
trolled during the experiment. After recording the be-
haviour of the larva, every piece of wood is examined to
see if the insect is still alive and what is its condition
(estimated age, weight, or length). This information
can be used to correlate the nature and intensity of
sounds with the state of the larva. Next, the human
expert is able to select the most representative sounds
made by larvae during feeding to extract the features
(symptoms) further used to distinguish between the in-
sect and other sound source, or identify the particular
species.
Selection of features for the analysis is the second

step prior to the training. The vector of symptoms
s = {s1, . . . , sm} extracted from the waveform y(t)
should be enough to produce the function f(s) map-
ping them to the discrete category c ∈ Z, describing
the insect or the background noise in the simplest case
(the binary classification scheme, where c = {0, 1})
or distinguishing between the particular species of in-
sects (multiple classification scheme, where |c| > 2).
Depending on the application, various domains should
be considered. The sound caused by larvae is the wave-
form similar to the impulse response of the linear
system (Fig. 4) – (Everest, 2000). This means the
high pitch at the very beginning, caused by break-
ing the wooden fiber, quickly decreases to the back-
ground level. In the binary classification scheme, when
only one sound source is active at the moment, the
time domain should be enough to extract the useful
knowledge. When multiple sources overlap, the addi-
tional domains may be required, representing the sig-
nal in the frequency or the scale domains, calling for
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Fig. 4. Recorded signals of the wood borer insect cracking
the fiber (on the example of the larvae of the old house

borer).

the Fourier or Wavelet transforms. In (Schofield,
2011) the frequency domain was considered too com-
putationally costly to be used online. Today it is no
longer the case, therefore both time features and fre-
quency characteristics may be exploited. In the first
stage of the presented work, the time domain features
are enough to correctly identify the analyzed sounds.
Although the sound may be processed to search for the
interesting features (for instance, using the relational
trees – (Schofield, 2011)), the most accurate way is
to select features manually and then compress them
to the most important characteristics (for instance, by
using the correlation analysis). This was our solution.
As can be observed in Fig. 4, the impulses caused by
the cracking wood are of various amplitudes and times
of fading away. Their common trait is the intensity of
the waveform decrease. The key to describe the signal
is then finding the moment where the impulse starts
and ends. The part of the signal identified by the green
color is considered the impulse duration.
The example of the sounds coming from other

sources are in Fig. 5. In most cases the waveforms
are easy to distinguish from the larva-originated im-
pulses. Duration of the considered signal is much longer
here, and fading has different character (the subse-
quent extreme values are more numerous or located in
the greater distance from each other). In some cases,
the waveforms are similar to the larva-originated im-

Fig. 5. Recorded signals coming from other sources.

pulses, which may cause difficulties in distinguishing
between these two categories.
Based on the analysis of the positively confirmed

sounds (i.e. indeed made by the larva), the following
time domain features were extracted from the wave-
forms (Fig. 6):

a) The difference tdr between the maximum and min-
imum value of the voltage within the impulse

tdr = |t (max (yi))− t (min (yi))|, (1)

where yi is the part of the waveform identified
as the impulse (indicated with the green colour
in Fig. 4 and Fig. 5). The impulse is extracted
from the waveform starting at the high pitch and
lasting till the power of the impulse fades to the
noise level. The method for detecting the start
instance tb of the impulse consists in searching
for the maximum or the minimum value in the
waveform, or the one of these two that is greater
(by comparing absolute values):

tb =





t (max (y)),

t (min (y)),

t (max (abs (y))).

(2)

All three methods we tested during the experi-
ments.
The end of the impulse is considered the time in-
stance, for which the power of every cumulative
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Fig. 6. Illustration of the features extraction
from the waveform.

set of samples goes below the certain threshold θ,
here equal to 0.01 of the dynamic range in the
processed fragment of the waveform:

te = t :

ti+n∑

t=ti

y(t) < θ · dr. (3)

b) Maximum and minimum value of the impulse
waveform yi amplitude.

c) Dynamic range dr in the impulse waveform

dr = max (yi)−min (yi). (4)

d) Impulse duration for the previously defined border
values tb and te (2) and (3):

Ti = te − tb. (5)

e) Root mean square value of the pulse.
In Table 1 the numerical values of features corre-

sponding to Fig. 6 are presented. Note that the sound
level varies significantly between samples. This is the
main source of the problem in detecting sounds in the
noisy environment, as some sounds may be too weak to
trigger the identification procedure outside the isolated
chamber.

Table 1. Examples of features extracted
from the detected impulse.

tdr

[ms]
max(y)

[mV]
min(y)

[mV]
dr

[mV]
Ti

[ms]
RMS
[V]

c

0.068 100 −117 218 9.52 3.15 1

0.341 26.7 −44.7 71.4 10.2 1.45 1

−1.024 34.3 −19.7 54.1 9.82 1.86 0

Because all vectors are created for waveforms where
the source of the sound is known, data sets consist of
the labeled examples e = {s, c}, where c is the category
of the example. In the binary case two values are used
(larva or the background noise), in multiple categories
identification particular species of the insects can be
detected. Such a set L is the input for training of the
classifier, which analyzes examples and finds relations
between the particular symptoms and the categories

L =



s11 · · · s1m
...
. . .
...

sn1 · · · snm

c1
...
cn


. (6)

5. Support Vector Machines

The Support Vector Machines (SVM) are currently
one of the most popular and powerful classifiers in
technical (Kurek, Osowski, 2010) and environmen-
tal (Chehade et al., 2009) sciences. They have proven
their usefulness in multiple applications, especially in
the presence of uncertainty conditions, such as the
background noise and limited accuracy of the mea-
surement equipment. Therefore, they are currently pre-
ferred over the always popular ANN, also used in the
acoustic analysis of wood boring insects (Schofield,
2011). The single SVM for classification produces the
binary output, i.e. two values {−1, 1}. The classifica-
tion of multiple species of insects requires combining
binary classifiers into configurations, such as One-vs-
All or Multiple-Output-Coding (Shen et al., 2010). In
the presented research only the single binary classi-
fier is required, its aim is isolate the larva from the
background noise. The SVM module is the black box
(Fig. 7), having the vector of five or six features (de-
pending on whether the difference between the max-
imum and minimum impulse value is considered) on
the input and one output d, responsible for mak-
ing decisions. Here d stands for the binary decision
value (“larva” vs “environmental sound”) and g is the
weighted sum of inputs s transformed by the kernel
function K:

g (s) =

m∑

i=1

K (si, sj) · wi. (7)

Fig. 7. Structure of the binary SVM classifier
(Bilski, 2013).

Selection of the kernel function and its parameters
is one of the most important operations during the
SVM training (Patle, Chouhan, 2013). Currently
the Radial Basis Function (RBF) is considered the
most effective. Its parameter is the width γ of the bell
function curve around the mean value. During the re-
search, also polynomial (with its degree p as the pa-
rameter) and linear (no parameters) kernels have been
utilized

KRBF (si, sj) = exp
(
−γ · ‖si − sj‖2

)
, (8)

KPOLY (si, sj) =
(
sTi · sj + c

)p
. (9)

Here c is the free parameter defining the compro-
mise between importance of the high and low order
terms in the polynomial. In the presented research it
was set to 1.
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The scheme of the SVM application to the de-
scribed problem is presenting the set L to the module
during the training for the predefined kernel (with its
parameters defined). Then, the efficiency of the module
is verified on the tested data set T of the same form
as L, but containing different examples. To general-
ize the evaluation, the training-testing procedure was
repeated for various configurations of L and T using
the Repeated Random Sub-Sampling Cross-Validation
(RRSSCV) (de Lacerda et al., 2002). The presented
identification module was written in the Matlab envi-
ronment, using the SVM Toolbox.

6. Experimental results

The presented experiments were performed on the
data coming from recordings of the old house borer,
which is relatively easy to breed, therefore the Authors
were able to prepare multiple examples describing its
behaviour. All used samples were bred in the same type
of wood (used to construct the furniture). The aim of
the procedure was to check the ability of the single ac-
celerometer DAQ-based module to distinguish between
the larva and the background noise. Sixteen pieces of
wood with insects inside were processed. Every piece
was analyzed for 45 minutes, during which the sen-
sor was attached to the wooden block and the sound
recorded to the file. Each recording was then analyzed
by the human expert, who was able to extract the
larva activity and identify impulses related to crack-
ing the fiber structure. This way 127 insect-originated
impulses were proposed to create the data set. Addi-
tionally, 63 samples were prepared with sounds coming
from other sources (i.e. human voice, walking around
the premise, scratching the surface of the sample or the
table on which it was positioned). This way the group
of background signals of varying resemblance with the
larva-originated ones was created, giving overall 190
examples labeled with categories “1” (for the larva)
and “0” for the background noise. This is the larger
data set than used in most of experiments, such as
(Schofield, 2011).
Examples belonging to each category were then

randomly divided into two groups in the ratio 3:7 and
assigned to the testing and training set, respectively.
The process was repeated fifteen times to obtain differ-
ent sets for training and evaluating the classifier. The
size of L was 109 examples, while of T – 81 (containing
examples belonging to both categories).
The average classification outcomes are presented

in Table 2 for various configurations of SVM – i.e. the
kernel function and its parameters. The selected ac-
curacy measure uses the sample error Es(T), i.e. the
relative number of incorrectly classified examples

acc = 1− Es (T) = 1− |e : c (s) 6= d (s)|
|T| . (10)

Table 2. Classification results [%] of the SVM module for
various kernels and methods of detecting the beginning of

the impulse.

Kernel
tb

abs max min

RBF (γ = 1) 88.67 85.06 86.33

Polynomial (p = 3) 88.17 87.13 86.56

Linear 86.67 84.95 84.59

The RBF kernel confirms its greatest usefulness in
the classification of objects. The polynomial kernel has
the similar accuracy. The main problem in both cases
is adjustment of the kernel parameter to maximize the
classification accuracy. The data sets are of the mod-
erate difficulty, as the linear kernel also achieves the
high accuracy. The beginning of the impulse detection
based on the largest absolute value in the waveform
provides the greatest identification accuracy, although
the remaining methods also give acceptable outcomes.
The process of the kernel parameter optimization is

presented in Figs. 8 and 9 (for the RBF and polynomial
functions, respectively). The width of the RBF must
be above the threshold value, then reaches the stable
range, for which differences in the classification accu-
racy are of the secondary importance. On the other
hand, the polynomial degree should not be too large,
ensuring the proper generalization ability. Too com-
plex function results in the significant decrease of the
SVM accuracy.

Fig. 8. Optimization process of the RBF kernel parameter.

Fig. 9. Optimization process of the polynomial kernel pa-
rameter.
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The analysis of which examples are difficult to dis-
tinguish for the SVM classifier shows that most of the
errors are made by the modules for the category “0”
(background noise), sometimes mistaken by the im-
pulse made by the larva. For the binary classification
four outcomes are defined: True Positive (TP), i.e. the
number of examples with correctly detected larvae,
True Negative (TN), i.e. the number of examples with
correctly detected the background noise, False Posi-
tive (FP), which is the number of false alarms (incor-
rectly detected larvae) and False Negative (FN), i.e.
the number of incorrectly detected background noise.
Detailed outcomes for all kernels processing the data
where the beginning of the impulse is the maximum
absolute value are in Tables 3–5 (the number of all
examples in the set is 58). The additional quality pa-
rameters are sensitivity (11) and specificity (12), where
P is the number of actual larva examples and N is the
number of actual background noise examples in the set.
Their values are given near the corresponding tables

sens =
TP

P
· 100%, (11)

spec =
TN

N
· 100%. (12)

Table 3. Detailed results of the classification using
the RBF kernel (sens = 94.87%, spec = 73.68%).

Actual
Predicted

0 1

0 TN = 14 FP = 5

1 FN = 2 TP = 37

Table 4. Detailed results of the classification using the
polynomial kernel (sens = 92.30%, spec = 63.15%).

Actual
Predicted

0 1

0 TN = 12 FP = 7

1 FN = 3 TP = 36

Table 5. Detailed results of the classification using
the linear kernel (sens = 89.74%, spec = 78.94%).

Actual
Predicted

0 1

0 TN = 15 FP = 4

1 FN = 4 TP = 35

In all cases the number of incorrectly detected
background noise instances is equal or greater than
the number of incorrectly detected larvae samples. The
larva samples are detected in most cases by all kernels.
The main problems for the SVM classifier are wave-
forms with the background noise similar to the actual

impulse caused by the larva. Such are the sounds of
scratching the surface with the finger or the sharp ob-
ject. On the other hand, the human voice is either ab-
sent in the recording or easily distinguishable from the
behaviour of the larva.
The high accuracy of the detection is caused by

the proper selection of features allowing to distin-
guish between two categories and the good general-
ization ability of the SVM. In should be noted that
the background noise samples were prepared without
the sounds considered the most similar to the impulses
caused by the larvae – such as hitting the table, on
which the wood piece is located with the key. Such
examples may require additional features to incorpo-
rate into the detection system. Additionally, separating
the particular insect species from each other may be
another challenge, as sounds created by various speci-
mens may also be similar. This includes the difficulty in
identifying the particular insect species living in vari-
ous types of wood, also presenting different conditions.
For instance, the larva feeding on the furniture wood
sounds different from the specimen living in the tree.
Such facts must be considered in the incoming investi-
gations.

7. Conclusions

The paper presented the application of the simple
and low-cost system for detecting the wood boring in-
sects presence in the wooden constructions. Its current
accuracy, close to 90 percent, is satisfactory at the first
step of the presented works. The advantages include
the low cost (covering only the single accelerometer
and the sound card), portability (thanks to the usage
of the laptop computer) and flexibility (as the system
after the calibration can be used to identify also other
species of larvae).
The decision making part based on the binary SVM

classifier, proved its usefulness, also in the uncertainty
conditions, which is widely considered a problem of the
traditional ANN. It was also confirmed that the selec-
tion of the SVM configuration is essential to maximize
the system’s efficiency. The feature vectors used by the
classifier (belonging to the time domain) are enough for
such a simple task, where only one source of the sound
is possible at a time.
The future extension of the proposed method in-

cludes adding frequency domain features (such as the
spectral samples) to the vector, which would allow for
distinguishing between various sources of the signal
operating simultaneously. Also, other AI-based classi-
fiers (such as the fuzzy logic) should be tested. Finally,
introduction of more species of insects would greatly
increase the applicability of the approach. Usage of
SVM for such a complex task would require the strat-
egy for the combination of the binary classifiers, not
only detecting the larva presence, but also suggesting
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the species. This will also require preparation of large
data sets describing the behaviour of new insects.
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