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ABSTRACT
This paper presents a novel method to detect and distinguish ten frequently used audio effects in recordings
of electric guitar and bass. It is based on spectral analysis of audio segments located in the sustain part of
previously detected guitar tones. Overall, 541 spectral, cepstral and harmonic features are extracted from
short time spectra of the audio segments. Support Vector Machines are used in combination with feature
selection and transform techniques for automatic classification based on the extracted feature vectors. With
correct classification rates up to 100% for the detection of single effects and 98% for the simultaneous
distinction of ten different effects, the method has successfully proven its capability - performing on isolated
sounds as well as on multitimbral, stereophonic musical recordings.

1. INTRODUCTION
Audio effects are commonly applied to modify audio
signals to achieve a perceivable alteration of sound
attributes such as loudness, pitch or timbre. Espe-
cially in conjunction with instruments like electric
guitar and bass they are extensively used to shape
and customize the instrument’s sound. Audio ef-
fects are an active research topic in audio technol-
ogy, but they are scarcely adressed in semantic music
analysis although automatic music annotation might

benefit from the knowledge about the presence of
audio effects applied to an instrument. Automatic
music transcription systems will most likely fail in
automatically transcribing the rhythm or pitch of a
melody that has been heavily processed with delay
or modulation effects - a common practice in modern
music production. It is uncertain, if an instrument
classifier would identify the sound of a distorted gui-
tar to be a guitar or rather a brass ensemble, which
might be more similar in terms of spectral width for
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instance. Furthermore, a high-level descriptor indi-
cating the presence of a distorted guitar is assumed
to be a valuable feature for music genre identifica-
tion. In this paper, we show that automatic classi-
fication with Support Vector Machines based on ex-
tracted audio features provides a suitable approach
to evaluate the presence of audio effects in recorded
instrument sounds.

The remainder of this paper is organized as follows:
After outlining the goals and challenges of this pub-
lication and the problems we face in Sec. 2, we pro-
vide an overview of related work in the subsequent
section. We present the individual processing stages
of our approach in Sec. 4, introducing a novel au-
dio feature extraction concept based on harmonic
analysis of instrument notes. In Sec. 5, we explain
the performed experiments and discuss the obtained
results. Finally, Sec. 6 concludes this work.

2. GOALS AND CHALLENGES
Our goal is to develop and evaluate a method which
enables the detection and a distinction of ten dif-
ferent audio effects in recordings of electric guitar
and bass. It is supposed to perform both on isolated
musical sounds as well as on instrument tracks that
are embedded in multitimbral, stereophonic musical
recordings, e.g. a guitar solo within a song. The
extraction of the relevant, effect related sound in-
formation from the mixture signal clearly poses the
biggest challenge, since it also contains sound infor-
mation originating from the instrument and, in the
case of musical pieces, accompaniment sounds, arti-
facts or noise.

3. RELATED WORK

Several publications are dealing with audio effects,
mostly focusing on audio production related aspects.
Addressed topics include the technical principles of
digital audio effects and how these affect sound qual-
ity [1, 2, 3, 4, 5, 6], emulation of analog circuitry
behavior [7, 8, 9], adaptive audio effects [10, 11, 12]
and novel processing techniques [13, 14, 15]. Fur-
thermore, the timbral characteristics of selected au-
dio effects [16, 17] as well as methods to categorize
audio effects [18] have been studied. In music analy-
sis, audio effects applied to instrument sounds have
rarely been investigated yet. Classification of musi-
cal instrument sounds is mainly performed on a level

Fig. 1: Taxonomy of audio effects and how they
class with effect groups.

of instrument families or instrument types. [19] pro-
vides a comprehensive review of different approaches
and their results. These approaches usually neglect
most of the timbral variations that may occur within
the scope of a single instrument’s sound due to differ-
ent playing styles, instrument design and signal pro-
cessing with effects. The former of these issues have
already been tackled in recent studies [20, 21, 22, 23].
To the best of our knowledge, the analysis of instru-
ment recordings regarding the presence of audio ef-
fects has not been studied yet.

4. PROPOSED APPROACH
Although there exists a huge number of different au-
dio effects, a few of them can be considered as de
facto standards for sound processing in popular mu-
sic. Regarding guitar sound shaping, the most fre-
quently used effects can be grouped to Ambience,
Modulation, Distortion1 and Filter effects, of which
the first three are treated in this paper. The audio
effects that shall be detected are: Feedback Delay,
Slapback Delay, Reverb, Chorus, Flanger, Phaser,
Tremolo, Vibrato, Distortion and Overdrive. For de-
tailed descriptions of these audio effects please refer
to [1]. The assignment of all audio effects into the
effect groups is depicted in Fig. 1.

4.1. General Structure
The method we propose is based on spectral analy-
sis of audio segments located in the sustain part of
guitar tones because they can be regarded as having
a stable harmonic structure with only minor am-
plitude changes. The majority of audio effects has

1In the following we will refer to this group as Nonlin-
ear Processing effects to avoid confusion with the Distortion
effect itself.
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Fig. 2: Processing flow chart of the proposed
method.

a time-varying behavior. By only investigating the
sustain part and neglecting the attack part at the
same time, we expect the extracted features to be in-
variant to the instrument sound to a certain extent.
Thus, we assume that the detected sound variations
correspond directly to the audio effect applied to the
signal. In addition, we can also expect invariance to
plucking styles to a certain extent, since these pri-
marily affect the attack part of the tone [20]. There-
fore, a preprocessing of the audio signal is required,
which has to be adapted to the characteristics of the
audio signal, i.e. we use different strategies for iso-
lated sounds and musical recordings. The complete
structure of the proposed method is shown in Fig. 2.
It consists of four stages: preprocessing, feature ex-
traction, feature reduction and classification. These
will be described in detail in the following sections.

4.2. Preprocessing
For isolated sounds, which are available in single
files, the preprocessing is conceivably simple. We

compute the energy envelope of the sound and ob-
tain an initial estimate of the end of the attack part
with the fixed threshold method described in [24].
The actual transition between attack and sustain
part of the sound is marked by the next local maxi-
mum of the envelope. To ensure that the audio seg-
ment used for feature extraction will be fully located
in the sustain part, we determine its start point be-
hind the detected maximum.

The preprocessing for multitimbral, stereophonic
musical recordings comprises three major steps: iso-
lating the desired instrument track from the mix-
ture, performing an onset detection and assessing
the onset candidates to obtain a list of promising
notes whose sustain parts can be used for analysis.

4.2.1. Panorama Filtering
To isolate the instrument track from the mixture we
employ a human-assisted panorama and phase filter-
ing method presented in [25]. It uses binary time-
frequency filters to extract musical content from a
stereophonic recording at a distinct panorama posi-
tion. If the parameters fed into the algorithm are
chosen appropriately, the resulting signal will con-
tain the desired instrument with the rest of the mix-
ture removed or at least well attenuated.

4.2.2. Onset Detection
To identify individual notes in the instrument track
we perform an onset detection. There exist a va-
riety of different onset detection algorithms, which
basically comprise the same two steps: Derive a de-
tection function from the signal and apply a peak-
picking algorithm to it to locate the onsets [26, 27].
To derive the detection function we adapt a method
based on band-wise linear prediction [28]. We per-
form the prediction in three sub-bands of the audio
signal (0-0.5,0.5-1,1-2 kHz) and sum up the predic-
tion errors of the sub-bands to obtain the detection
function which is further smoothed using a 10 ms
Hann window. We post-process the detection func-
tion by applying an adaptive thresholding to it. The
threshold consists of a fixed and a variable value.
The latter is derived from the moving average using
an asymmetric rectangular window which accounts
more for preceding values and therefore perfoms el-
evated thresholding subsequent to an onset.

From the detection function we obtain a set of on-
set candidates through conditional peak-picking,i.e.
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only local maxima that meet three criteria are con-
sidered as onset candidates. First, local maxima
have to have a certain height to be considered an on-
set candidate (minimum strength criterion). In this
way we exclude spurious peaks. Secondly, local max-
ima have to have a minimal distance between them.
If two maxima have a smaller distance, the stronger
one is chosen as onset candidate, because we assume
that not both maxima may correspond to note on-
sets if the distance is chosen sufficiently small, e.g.
20 ms (minimum distance criterion). The third cri-
terion takes into account the requirements of the
subsequent analyis. To capture the time-varying be-
havior of the audio effects, the sustain part to be
analyzed has to have a minimal length, e.g. 500 ms.
Therefore, we check every pair of consecutive onsets
if it fulfills this minimum length criterion and if it
fails, the first of the two candidates is removed from
the list.

4.2.3. Onset Quality Assessment
The reduced set of onset candidates may still contain
onsets whose corresponding tones are not suited to
the requirements of the following feature extraction.
At least three different errors can occur that have
to be handled. Since only an onset and no offset
detection was performed, there may be audio seg-
ments that contain short notes followed by silence.
To detect these we calculate the energy envelope of
the segment and check if it stays above a certain
threshold all the time. Secondly, there may be mul-
tiple notes within one segment. This can happen
due to valid but previously not detected onsets or
weak onsets in the case of guitar specific note tran-
sition playing techniques like hammer-ons or slides.
To catch previously not detected onsets, we exam-
ine the temporal envelope change for peaks which
should reveal a yet not detected onset. To identify
weak onsets, we use autocorrelation to compute a
pitch contour and utilize its derivative to monitor
if the speed of pitch change stays within predefined
thresholds. Only if none of these errors occurred,
the audio segment is used for further analysis. How-
ever, all the thresholds must be carefully determined
to not exclude segments because of the applied au-
dio effect. This holds especially true for delay effects
which are likely to produce peaks in the temporal en-
velope change as well as modulation effects, which
by nature will affect the pitch stability. For the ex-

periment described in this paper, we used a separate
development set of instrument tracks to determine
the optimal threshold values empirically.

4.3. Feature Extraction
An audio segment is first transformed into successive
short time spectra. We use a sampling frequency of
44.1 kHz, frames of 8192 samples with a hopsize of
512 samples and a Hann window.

The final feature vector has a total of 541 dimensions
and contains 136 spectral, 84 cepstral and 321 har-
monic features, whose extraction will be described
in the next sections.

4.3.1. Spectral Features
The following features are extracted frame-wise
from the magnitude spectrogram: spectral centroid,
spread, skewness and kurtosis, spectral flux, roll-
off, slope and flatness measure. Descriptions of
these and other audio features can be found in [24]
and [29]. We obtain three additional feature curves
through highpass filtering of spectral centroid, roll-
off and slope. Furthermore, we calculate the first
and second derivative of all feature curves. To char-
acterize their value range, we calculate the mean
value and standard deviation. To capture their tem-
poral progression, we consider the feature curves as
distributions and derive the statistical descriptors
mean value, variance, skewness and kurtosis.

4.3.2. Cepstral Features
We apply the discrete cosine transform to the loga-
rithmized, squared magnitude spectra to convert the
spectral frames to cepstral frames and use the first
ten coefficients, averaged over the whole segment, for
feature extraction. These will directly contribute to
the final feature vector along with their maximum
value. In addition, we compute the mean value and
standard deviation of the element-wise differences
as well as the summed-up differences from the lin-
ear interpolated slope of the coefficients. Using the
same procedure for the standard deviations of the
coefficients and repeating it for the first and second
derivative we obtain a total of 84 figures for the final
feature vector.

4.3.3. Harmonic Features
First, we need to extract individual harmonics from
the short time spectra, but we have to distinguish
between monophonic and polyphonic sounds. For
monophonic sounds we start with estimating the
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pitch using frame-wise autocorrelation. We improve
the estimation by restraining the possible range of
pitches to only those that can be produced by a
guitar or bass guitar in standard tuning and use
the mode of all frames to get a more reliable es-
timation. Ideally, the harmonics would occur at
the integer multiples of the fundamental frequency,
but in the case of stringed instruments we have to
consider the inharmonicity phenomenon, i.e. little
frequency deviations caused by the stiffness of the
strings [30]. Therefore, we search for a harmonic in
a local frequency range around the expected posi-
tion and assume the harmonic’s frequency to be at
the frequency bin with the highest magnitude. As
we assume the guitar sound to remain stable during
the course of the analyzed audio segment, we av-
erage the determined harmonic’s frequencies of all
frames. To avoid the challenges of multiple pitch es-
timation and separation of overlapping harmonics in
the case of polyphonic sounds, we pursue a different
strategy. Instead of trying to extract series of har-
monics, we perform a peak-picking on the whitened
long term average spectrum [29] to obtain a set of
salient harmonics, accepting the fact that we dis-
card useful structural information, which will have
a bearing on the feature extraction.

Analysis shall reveal changes in frequency, level and
shape of harmonics in their temporal progression.
Hence, harmonics will not be represented by one
single frequency bin, but a narrow frequency band.
Within this band the actual maximum position and
value as well as the band energy are computed per
frame. In the following, we will refer to the resulting
vectors as harmonic feature curves. Given the aver-
age frequency fi of the i-th harmonic, the values of
the harmonic feature curves for the m-th frame can
be calculated as follows:

Hmax
i (m) = max (XdB(m,k)) (1)

Hpos
i (m) = arg max (XdB(m,k)) (2)

Hen
i (m) = XdB(m,k) (3)

k = fi −∆k, . . . , fi + ∆k, ∆k < f0/2 (4)

where XdB denotes the logarithmized, squared mag-
nitude spectrogram, Hmax

i the harmonic feature
curve related to the maximum value of the i-th har-
monic, Hpos

i the harmonic feature curve related to

the maximum position of the i-th harmonic, Hen
i

the harmonic feature curve related to the band en-
ergy of the i-th harmonic and k is a vector contain-
ing the frequency bin indices of the current analy-
sis frequency band. The value for ∆k has to be at
least smaller than half the fundamental frequency for
monophonic sounds in order not to overlap analysis
bands of adjacent harmonics. For polyphonic sound
it has to be even smaller due to the interleaved har-
monic series that relate to different fundamental fre-
quencies. We empirically found ∆k = 1/10 to give
the best tradeoff between bandwidth and number of
usable analysis frequency bands.

Following this approach, several other descriptors
could be extracted to further characterize aspects
of harmonic sounds, skewness and kurtosis for in-
stance, but with respect to the size of the feature
vector, here we restricted analysis to just the three
harmonic feature curves described above.

To obtain meaningful features from the harmonic
feature curves we propose to perform spectral anal-
ysis on them. The values for frame size and hop-
size have to be chosen with regard to the sampling
rate of the curves which is 86 Hz in our case due
to the hopsize of 512 samples at a sampling rate of
44.1 kHz for the underlying spectrogram. We used
frames of 64 samples and a hopsize of 16 samples.
From the resulting spectrograms, we consider only
the frequency range 0. . . 22 Hz for further analysis.
This will sufficiently capture the majority of low fre-
quency modulations and variations. The Fig. 3-6
show a few of these spectrograms for different effects
applied to the same tone.

The following features are extracted frame-wise from
the spectrograms: mean value, variance and stan-
dard deviation, maximum value and position, spec-
tral centroid, spread, skewness and kurtosis as well
as the steady and cumulated alternating component
and their ratio. Figures for the final feature vec-
tor are derived by calculating the mean value and
standard deviation to characterize the value range
of the extracted features. Thus, we derive a total of
72 figures per harmonic. We performed the spectral
analysis for the first ten harmonics and applied two
grouping schemes to reduce the number of figures
for the final feature vector. First, we simply aver-
age the figures over all harmonics. In addition, we
perform a tristimulus-like grouping inspired by the
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idea that the higher the order of the harmonics the
more likely it is that they will be perceived rather
as a group than as individual harmonics [29]. Fig-
ures of the first harmonic remain unchanged, but we
average the figures of the second to fourth harmonic
as well as the figures of the fifth to tenth harmonic.
In case of monophonic sounds we used both group-
ing schemes whereas for polyphonic sounds we could
only use the first. This is because we lack the infor-
mation of the harmonics’ order due to the applied
extraction technique.

Besides the spectral analysis of the harmonic fea-
ture curves, we also analyze the temporal progres-
sion of the harmonics’ levels using the curves related
to the band energy Hen

i (see Eq. 3). For unpro-
cessed sounds the levels will be decreasing because
the guitar string is performing a damped oscillation.
The use of audio effects can break this rule. This is
quite obvious for delay effects which add the energy-
rich attack phase to the sustained sound at a certain
time instance, therefore raising the energy level. The
same applies also to some modulation effects which
provoke prominent level differences caused by time
and frequency dependent boosts and attenuations.

We derive an ideal slope of a harmonic’s levels by
means of linear regression of the energy levels and
compute the frame-wise differences to the real lev-
els for the first ten harmonics. Since we use a log-
arithmized spectrogram, a linear slope here corre-
sponds to exponential decay in the linear amplitude
domain, which is a reasonable assumption for guitar
tones. We then calculate average values and stan-
dard deviations of the difference curves and the rec-
tified difference curves and apply the same grouping
of figures as for the spectral analysis of harmonics.
Furthermore, we calculate the ratio between positive
and negative valued elements of the difference curves
and use statistical figures to evaluate the distribu-
tion of this ratio over the harmonics.

Additionally, two harmonic features were extracted
for monophonic sounds only. These are the odd-to-
even harmonic ratio and the tristimulus [29].

4.4. Feature Reduction and Classification
The raw extracted features can already be used for
classification but there might be correlated, redun-
dant or irrelevant features. Hence, we insert an op-
tional feature reduction stage in front of the classifi-
cation stage. We use two algorithms which aim two

identify an optimized subset of features - namely In-
ertia Ratio Maximization using Feature Space Pro-
jection (IRM) [31] and Linear Discriminant Analy-
sis (LDA) [32]. The former performs an iterative
feature selection based on maximization of the ra-
tio of between-class inertia to the total-class inertia.
The latter linearly maps the feature vectors into a
new, reduced feature space, guaranteeing a maxi-
mal linear separability by maximization of the ratio
of between-class variance to the within-class vari-
ance. As classifier, we use renowned Support Vector
Machines with a radial basis function kernel. More
details on these methods can be found in [33].

5. EXPERIMENTS AND RESULTS

5.1. Data Sets
We assembled a novel data set consisting of mono-
phonic and polyphonic guitar and bass guitar sounds
processed with a variety of different audio effects.
We recorded all single notes up to the 12th fret on
every string of two electric guitars and bass gui-
tars using different playing styles (finger plucking
and picking with a plastic pick) and different pick-
up settings to cover a wide timbral range of instru-
ment sounds. Polyphonic sounds were created by
choosing appropriate fingering schemes, comprising
common two note intervals as well as three and four
note chords, and mixing together the associated sin-
gle notes. With a digital audio workstation we pro-
cessed every sample with each of the ten audio effects
in at least three different settings using various effect
plugins. We intend this data set, which contains a
total of about 55000 samples (30 hours of recorded
sounds) to be a public benchmark set for the given
tasks2.

To investigate the performance of the proposed
method on multitimbral musical recordings we as-
sembled a second data set using six instrumentals
from different musical genres for which the single in-
strument tracks were available. We recorded match-
ing guitar solos, processed them with effects and po-
sitioned all tracks in the stereo panorama prior to
the stereo mix. In total, this set contains 66 accom-
panied guitar solos with a playtime of 45 minutes.

2See http://www.idmt.fraunhofer.de/eng/business%20areas/
smt audio effects.htm for further information.
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5.2. Five Experiments on Effect Detection
We designed five different experiments of increas-
ing complexity, with each investigating a certain as-
pect of audio effect detection. Thereby, the first two
experiments investigate the general feasibility while
the following three explore the applicability of the
proposed method.

Experiment 1 In the first experiment we check if
single effects can be detected generally. The
underlying intention is to figure out if the ex-
tracted features properly capture the sound
characteristics of the audio effects. Therefore,
we perform ten tests in a two class configura-
tion, with the first class containing samples of
the effect in question while the second class al-
ways holds the unprocessed samples.

Experiment 2 Given prior knowledge about the
effect group, the objective in this experiment is
to find out if the effects within this group can be
distinguished from each other. Since they show
functional and tonal similarities they will also
share a lot of features capable to detect them,
but there might be additional features which
still possess enough discriminative power.

Experiments 3 and 4 In these experiments we in-
vestigate how well the effect groups or the sin-
gle effects can be distinguished from each other.
According to the taxonomy in Fig. 1 these ex-
periments are performed with four and eleven
classes respectively, including the unprocessed
samples as an additional class.

Experiment 5 This experiment is similar to the
preceding one, but now we try to gain a ben-
efit from exploiting the hierarchy of the taxon-
omy. Therefore, we first determine the effect
group and afterwards specify the single effect
within that group. Hence, it can be regarded as
a combination of the third and second experi-
ment.

5.3. Experimental Setup
To get detailed insights into what affects the per-
formance of the proposed method, we conducted
the experiments on different subsets of the data.
The first subset contains all monophonic bass gui-
tar samples (bs-mo), the second the monophonic

guitar samples (git-mo). These two combined form
the third subset (bs-git) and the fourth combines
monophonic and polyphonic guitar samples (git-
mp). The mutltitimbral musical recordings (mus)
make up the fifth subset.

For feature reduction, we tested all possible combi-
nations of enabling or disabling IRM and LDA. The
number of features to be selected by the IRM algo-
rithm was varied between 20 and 160 with a step
size of 20 and the number of feature dimensions af-
ter LDA transform was set to L− 1, where L is the
number of classes.

We performed 10-fold cross-validation and an addi-
tional cross-validation where we split the data ac-
cording to contextual information. For the bs-mo
and git-mo sets this meant to combine all sam-
ples from one instrument to form either train or test
set, thus exposing the influence of instrument tim-
bre. The bs-git set was split into the constituting
subsets. Again, exhibiting the influence of timbre it
also serves as an indicator for generalization capabil-
ities, since the guitar and bass guitar samples were
processed with different effect settings. Splitting the
fourth subset into monophonic and polyphonic sam-
ples obviously delivers an indicator for the influence
of polyphony.

To evaluate the performance on musical recordings
we use three different data sets to train the classifier
while the mus data always forms the test set. First,
we use the git-mo set for training. We reuse it in
a second run but this time we take randomly cho-
sen snippets of music from a separate collection and
add them with reduced level to the isolated sounds
to account for the fact that preprocessing rather at-
tenuates the accompanying sounds than removing
them. Finally we use the mus set for training and
evaluate the outcome using a modified leave-one-out
cross-validation scheme: Let the data set contain N
samples. Then the test set is formed by N times
choosing one sample. Instead of building the train
sets from the remaining N − 1 samples, N −S sam-
ples are chosen, where S denotes the number of sam-
ples that are located in the same musical recording
the test item was taken from.

In this context, we additionally integrated a rea-
sonable heuristic to boost the performance: For the
course of a guitar solo or a musical segment in gen-
eral we can assume the effect setting to remain fixed.
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Data Set Experiment 1 Experiment 2
bs-mo 98.9 (2.2) 99.3 (1.1)
git-mo 99.7 (0.7) 99.4 (0.9)
bs-git 98.9 (1.8) 98.7 (2.2)
git-mp 99.5 (1.4) 98.6 (2.3)

Table 1: Mean classification accuracies [%] for the
first two experiments using 10-fold cross-validation,
standard deviations [%] given in brackets.

Therefore, we re-evaluated the accuracy based on
complete tracks by applying a majority voting strat-
egy to the predicted effect labels.

5.4. Results and Discussion

5.4.1. Isolated Sounds
The best classification results using 10-fold cross-
validation were always obtained when applying LDA
while for the contextual cross-validation the best fea-
ture reduction setting differed depending on the clas-
sification task. Hence, only for the latter case the
feature set leading to the highest accuracy will be
indicated, implying that the indicated results for 10-
fold cross-validation were always obtained applying
just LDA to the data.

The results for the first and second experiment are
presented in Table 1. They show that almost perfect
detection and distinction could be achieved with all
data sets. Regarding the first experiment, only for
the effects Chorus, Phaser and Overdrive the perfor-
mance degraded slightly to about 95% while all other
effects achieved scores of 99% to 100%. This con-
firms the general feasibility of the proposed method.

The results of the third experiment, investigating
the distinction of effect groups, are depicted in Ta-
ble 2. In the case of 10-fold cross-validation, the
results range from 94.0% for the bs-mo set to 99.0%
for the git-mo set. For contextual cross-validation,
an increased amount of false classifications could be
observed for the bs-mo set. The majority of them
was assigned to the class containing the unprocessed
samples so this may be regarded as a problem of
when to consider an effect as present related to its
intensity. The same applies to the git-mo set but
to a slighter extent. Musical signals follow a log-
arithmic frequency scale, so applying a linear fre-
quency transform will provide a better frequency res-

Data Set 10 CV Contextual CV
bs-mo 94.0 83.7 (IRM40+LDA)

git-mo 99.0 96.6 (LDA)

bs-git 95.2 82.7 (IRM120+LDA)

git-mp 98.2 77.6 (IRM160+LDA)

Table 2: Mean classification accuracies [%] for the
third experiment, best feature set for contextual
cross-validation given in brackets.

olution for sounds in higher spectral domains. This
allows the features to resolve tiny differences better
than in lower spectral domains and therefore keep-
ing their discriminative power. The results of the
combined bs-git set lie on the same level as those
achieved with bass guitar samples alone. This indi-
cates the desired invariance towards instrument tim-
bre because otherwise much lower scores would be
achieved. Regarding the influence of polyphony, the
results achieved when considering it in the train set,
as it is the case for 10-fold cross-validation, do not
significantly differ from those obtained with mono-
phonic guitar samples alone. In contrast, accuracy
decreases notably when trying to predict audio ef-
fects in polyphonic sounds while training the classi-
fier with monophonic ones and vice versa.

The results of the fourth experiment (Table 3), in-
vestigating the distinction of single effects, are quite
comparable to those of the preceding one. Notable
differences occur for the combined data sets bs-
git and git-mp, especially for the contextual cross-
validation. The achieved classification accuracy of
the former set of 76% is the result of a bimodal distri-
bution: All Ambience effects, Tremolo, Vibrato and
Distortion effect achieve scores greater than 90% in-
dicating that their detection and distinction is truly
independent of instrument timbre. The second clus-
ter is made up of the effects Chorus, Flanger, Phaser
and Overdrive, which achieve an average accuracy of
51%. However, their false classification scatter is not
evenly spread over all classes but stays within their
class limits with again some samples beeing misclas-
sified as unprocessed ones. This points to the low
intensity issue again and also reveals a lack of dis-
criminative power of the feature set to properly cap-
ture the sound characteristics of the involved audio
effects in this scenario. The grown difference of the
achieved accuracies for the git-mp set reinforces the
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Data Set 10 CV Contextual CV
bs-mo 93.0 84.5 (IRM120+LDA)

git-mo 97.7 95.7 (LDA)

bs-git 93.1 76.0 (LDA)

git-mp 95.5 63.3 (All Features)

Table 3: Mean classification accuracies [%] for the
fourth experiment, best feature set for contextual
cross-validation given in brackets.

need to consider monophonic and polyphonic sounds
while training a classifier if one can expect both of
them to be present in the data to be predicted.

Comparing the results of the third and fourth ex-
periment one can not expect a significant increase
in classification accuracy from exploiting the hierar-
chy of the effect taxonomy, since a false classification
of the effect group can not be revised in the second
classification step. In fact, the results obtained with
10-fold cross-validation showed only minor gains in
accuracy between 0.2% and 1.4%.

5.4.2. Musical Recordings
In the mus set one effect - Slapback Delay - had to be
excluded from evaluation, because with the chosen
segment size of 500 ms , no sufficient variety of effect
settings could be maintained in the associated train
data of isolated sounds, hence only 60 tracks were
used. Furthermore, we only conducted the third and
fourth experiment on this data because we wanted
to explore the applicability of the proposed method
for real world scenarios.

The results of the third experiment on this data are
shown in Table 4. The best results were obtained
by training the classifier with the mus data. Ap-
plying both, feature selection and transform, 77% of
the segments and even 92% of the recordings were
classified correctly. This underlines the benefit of
the introduced heuristic. Using the isolated sounds
for training didn’t gain reasonable results although
adding music to the isolated sounds (git-mo 2) im-
proved the accuracy. In both cases the classifier
tended to assign the majority of samples to the class
of modulation effects. The reason for that are arti-
facts introduced in the panorama and phase filtering,
whose setup remains a tradeoff between preservation
of signal quality of the desired track and proper at-
tenuation of the unwanted signal. Therefore, it is

Train Set Feature Set Accuracy
Segments Tracks

git-mo 1 LDA 33.7 37.5
git-mo 2 IRM120+LDA 38.0 47.5
mus IRM140+LDA 77.1 91.7

Table 4: Classification accuracies [%] for the third
experiment, performed on musical data.

assumed that, if one is able to identify the critical
processing and incorporate its impact in the train
data or applies a less critical preprocessing the re-
sults will catch up to those obtained with the mus
data.

Accordingly, the fourth experiment was conducted
only for the case of training the classifier with the
mus data. 52% of the segments and 80% of the
recordings were classified correctly, again emphasiz-
ing the benefit of the majority voting strategy.

6. CONCLUSIONS
In this paper we introduced a novel method to detect
and distinguish audio effects in recordings of electric
guitar and bass. We showed how commonly used au-
dio features can be adapted to capture the charac-
teristic sound alterations caused by effect processing
and presented a new approach to analyze and char-
acterize aspects of harmonic sounds. Furthermore,
we suggested a preprocessing strategy that enabled
the method not only to perform on isolated instru-
ment sounds but also on multitimbral, stereophonic
musical recordings. The obtained results indicate
that the proposed approach might be a valuable en-
hancement for existing music analysis systems. Fu-
ture steps will focus on extending the method to also
detect multiple, cascaded effects.
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[2] Esa Piirilä, Tapio Lokki, and Vesa Välimäki.
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Fig. 3: Unprocessed Sample: In the spectrograms
of the harmonic feature curves the energy is con-
centrated at the bottom, implying a relatively con-
stant temporal course of the harmonics’ frequency
and magnitude.

Fig. 4: Tremolo: The amplitude modulation caused
by the effect can be seen clearly in the spectro-
grams of the harmonic feature curves Hmax

i (m) and
Hen

i (m). The peaks around 11 Hz indicate the mod-
ulation frequency.

Fig. 5: Flanger: The distinct scatter of spectral
energies is the result of the modulated notch fre-
quencies of the comb filter. The continous changes
in frequency, magnitude and shape of the harmon-
ics is reflected by the spectrograms of the harmonic
feature curves.

Fig. 6: Slapback Delay: The spontaneous rise
of spectral width in the spectrogram of the har-
monic feature curve related to the harmonic’s energy
Hen

i (m) is the characteristic property of the slap-
back delay. The reason is the superposition of the
delayed, energy-rich attack part of the sound with
the sustain part which induces drastic changes to
the shape of the harmonics.
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