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ABSTRACT analyze the behavior of the left hand in a classical gui-
tar. Norton [LO] proposed the use of another optical mo-
In this paper, we present our research on left hand gesturejon caption system based on the Phase Space Inc., with
acquisition and analysis in guitar performances. The main quite successful results. Although these optical systems
goal of our research is the study of expressiveness. Herehave proved to partly solve and represent guitar gestures,
we focus on a detection model for the left hand fingering some occlusion problems may appear in specific finger po-
based on gesture information. We use a capacitive sensorgitions. The proposed acquisition system is a good com-
to capture fingering positions and we look for a prototyp- plement to the existing ones.

ical description of the most common fingering positions  oyr research focuses on understanding of particular ar-
in guitar playing. We report the performed experiments tjcylations used by different players, styles or musica-ge
and study the obtained results proposing the use of clasyes. For that, we need to capture gesture information from
sific_a_tion techniques to automatically determine the finger ihe |eft hand and to detect its exact position. With such in-
positions. formation, we can (1) detect the fingering in a given score,
and (2) predict the possible articulations and pluckedgsi
1. INTRODUCTION even before the sound is produced. The goal of this paper is
to present a model that detects the left hand position, based

Guitar is one of the most popular instruments in western on gesture information, using classification techniques.

culture. The guitar (and the music it produces) has been . . e
. . S . . . The paper is organized as follows: First, in Sectpn
object of study in many disciplines, i.e. musicology, soci- . .
. . . . we describe the sensors we use. Then, Se&isihows
ology, physics or computer science. Focusing on acoustic . .
and sianal processing disciolines. there are many interest the list of recorded excerpts, and explains the pattern cre-
gnalp 9 P ' y ation process from the recorded data. Next, in Sectjon

ing studies explaining its physical behavior and produced we carefully analyze the obtained recordings, propose the

sound [, 2]. Nevertheless, the essence of guitar music e . . .
. i ) ) . . use of classification techniques to automatically classify
is sometimes reflected by subtile particularities which are .

Ithe patterns, and analyze the results. Finally, we summa-

completely dependent on the players, styles, and MUSICALi, 6 the results achieved, present research conclusiods, a
genres. Although some successful approaches exist in the . .
literature B], these particularities are, sometimes, difficult propose the next steps of our research in Sedion
to identify only with recorded audio data. The richness of
the guitar expressivity raises a challenge that, even analy
ing each string individually, i.e. using hexaphonic pickup
it is still partially tackled. In this context, caption of§€  The acquisition system is based on capacitive sensors, de-
tures in guitar performances becomes a good complementyihed in [L1]. Capacitive sensors are not new. In 1919,
to the audio recording. Lev Termen invented the Theremin, considered the first
The study of performer gestures in music is not new. gjectronic instrument in history. Lev Termen exploited the
For instance, Young/] presented a system to capture the capacitive effect of a player near two antennas, one con-
performance parameters in violin playing. Focusing on {rqjling the pitch and the other controlling the loudness, o
the guitar, there are some interesting approaches studyzn harmonic signal. More recently, new musical interfaces

ing the gestures of guitar players f]. Centering onthe 550 use capacitive sensors to control musical parameters
finger movements, the available approaches are tradition{1 13,

ally based on the analysis of images. Burns and Wander-
ley [7, 8] proposed a method to visually detect and rec-
ognize fingering gestures of the left hand of a guitarist.
Heijink and Meulenbroekd] proposed the use of a three-
dimensional motion tracking system (Optotrak 3020) to

2. ACQUISITION

The proposed system consists of an array of capacitive
sensors, mounted on the fretboard of the guitar, config-
ured inload mode [14], where the distance between the
electrode and a single object (the performer’s finger in our
case) is measured through a change in capacitance of the
electrode to ground. These sensors provide information
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| 1st. finger|| 1 finger/fret| 2 fingers/fret| 3 fingers/fret|

bar 6000 6200 6300
6001 6201 6030
6010 6210 6003
6011 6020
6100 6021
6101 6120
6110
6111
. . " 1 finger 1000 1200 1300
Figure 1. Gesture caption system based on capacitive sen; 1001 1201 1030
sors (mounted on the fretboard) and Arduino (mounted on 1010 1210 1003
the body). 1011 1020
1100 1021
Capacitive variations are collected by Ardufncan open- 1101 1120
source electronics prototyping platform, programmed us- 1110
ing Capsens®, a capacitive sensing library for Arduino. 1111
Capsense converts the Arduino digital pins into capacitive| 2 fingers 2000
sensors that are used to sense the electrical capacitange 2100
of the human body. The acquisition system is shown in 2200

Figurel.

As re”E)%rted in11], capacncljve SENsors can bedpf(f)lsy, arfld Table 1. Finger activation combinations for each default
crosstalk between measured capacitances at difiereat retﬁngering position. 4 digits refer to 4 successive frets.leac

may appear. Moreover, the finger position in a given left digit corresponds to the number of fingers pressing at the

h_antlj S|tuat|0{1 'S nlevedr exactl;; tlhe s?me, o!;per:dmg ONMUsame fret. These positions can be played in different hand
sical parameters (loudness, style, etc.) or the playegiien | positions and in different string§.refers to bar activation,

of the fingers, etc.). Bep ause of these two reasons, co 1 refers to 1 finger activation at any string refers to 2
lected data can not be directly processed, and we prOFms‘?’inger activation at the same fret at any strings, anefers
the use of automatic classification techniques to tackle thetO 3 finger activation at the same fret at any ,strings The

problem. highlighted combinations represent the recorded cases.

3. RECORDINGS L
situations: 0, 1, 2, 3 and 6 (bar). "0” means that

3.1 Score the fret is not active (i.e. there is no finger acting on
that fret), "1” means that only one finger is acting on

that fret, whatever the string is pressing, and so on.
A 6 (bar) means that the full index finger is acting

on that fret all over the strings. We also made some
recordings with a half-bar (pressing only strings 1,

2 and 3), but for this study, we consider half-bars as
normal bars.

In usual guitar playing conditions, the index finger over
a fret (not necessarily pressing) defines a position. The
following fingers are, by default, on the three following
frets. Then, the score defines the exceptions to this default
fingering. Beyond that, although the score does not modify
this default fingering, the fingers can press differentgin

So, we have to address our problem in two dimensions: (1)

the overall hand position, defined by the index finger, and pressed strings: For each finger position and default fin-

(2) the played strings at that position, from 1 (high pitch gering, there are multiple combinations for pressing
string) to 6 (low pitch string). The huge number of possible strings, as shown in Table From all the available
finger combinations forces us to organize them according combinations, there are some which are not really
toa giVen criterion. The parameters we can play with are: used because of (a) the hand can not phys|ca”y hold
. that combination, or (b) they have no musical mean-
Hand position: The hand can move up and down the fret- ing. The highlighted combinations in Takleepre-
board. In our case, the number of sensorized frets sent the recorded cases.

is 10, which allows us to move the hand from fret 1
(with fingers over frets 1, 2, 3, and 4) to fret 7 (with Beyond that, it is important to distinguish between po-
fingers over frets 7, 8, 9 and 10), using the default sitions that can seem similar (i.&€000 and0010) but the
fingering. hand position is completely differentand, as a consequence
) . . . of that, the residual capacitive measure from the other fin-
Finger positions: Each fret can be excited by a different o4 s gifferent. The use of one of these two options is
number of fingers. We consider there are 5 possible jetermined by the musical context, which is not covered in
1 yww.arduino.cce this paper. Then, for simplicity, we will skip these alterna
2 http://www.arduino.cc/playground/Main/CapSense tive recordings.




| Position | Played strings | Category|

1000 | si, s2, s3, s4, sb, s6 1000a 03 i

1010 | s5s6, s4s5, s3s4, s2s3, s1s2| 1010a

1010 | s4s6, s3s5, s2s4, s1s3 1010b o2

1010 | s3s6, s2s5,s1s4 1010c 2 o1

1100 | sb5s6, s4s5, s3s4, s2s3, s1s2| 1100a =

1100 | s4s6, s3s5, s2s4, s1s3 1100b g o

1100 | s3s6, s2s5,s1s4 1100c

1110 | s5s4s6, s4s3s5, s3s2s4, s2s1s3110a o

1110 | s4s5s6, s3s4s5, s2s3s4, s1sPs3A110b —02 ‘ ‘ ‘ ‘

1200 | s5s6s4, s4s5s3, s3s4s2, s2sBs1200a 0 10 2 e 0 >
1200 | s4s6s5, s3s5s4, s254s3, s1sBs2.200b

2000 | s6s5, s5s4, s4s3, s3s2, s2s1| 2000a 2500 ‘ 1010-5556.mid

2100 | s6s4s5, s5s3s4, s4s2s3, s3sls2100a 3000k 23; |
2100 | s5s4s6, s4s3s5, s3s2s4, s2s1s2100b 3 fret 3
2200 | s5s3s4s2, s452s3s1 2200a g %% M fetd |
6000 | full, half 6000a § 2000/ ¥ H et ||
6010 | s5,s2 6010a RS R i T | Bt
6020 | sbs4, s4s3 6020a §1000» L - f Mﬁ; ‘ freto |
6100 | s5, s2 6100a o0l -, Yl L = fret 10 |
6110 | s3s5,s2s4 6110a o= . ‘ |
6120 | s3s5s4, s2s4s3 6120a 0 10 2 e 0 %
6210 | s4s3sb5, s3s2s4 6210a

Table 2. Detailed list of all the recorded positions, speci- Figure2. recorded audio and data from capacitive sensors
fying the played strings. Each recording includes the hand for the 1010-s6s5 position.

position moving from fret 1 to 7. The s1..s6 stands for the
played string. Each string specification follows an ascend-
ing order from finger 1 to 4. In this paper, we refer these
positions according to th€ategory column.

measured data from frets.

3.2 Data processing

For all the recordings detailed in Tal2ethe audio data

The recorded positions are not all the complete combi- from a microphone, and the data from capacitive sensors
nations. The recorded subset represents, under our poins captured. Data from capacitive sensors is converted to
of view, the most common situations in real guitar perfor- n\jipJ. We use 10 MIDI channels, one for each fret, and
mances, and also covers some specific situations in whichne information is stored as PitchBend messages to obtain a
the position recognition presents a difficulty (i8020vs  petter resolution. As explained itf], MIDI data provided
6120). For each of the proposed positions, several string py the Arduino does not have a constant sampling rate. We
combinations have been recorded. The same configuratior;ipmy automatic resampling obtaining a constant sampling
of fingers over the frets also include different possitsti rate sr=30[Hz], which is quite low but accomplishes our
For instance, the positial?00 may represerAm with fin- requirements. Each hand position has a duration of 4 beats
gers 1,2, and 3 at strings 2, 4 and 3, respectively, or thej 5 4/4 bar at 60[bpm]. The first bar is used as pre-roll, the
Emaj with the same fingers at strings 3, 5, and 4, respec-second bar is used to play an open strings position in all
tively, by moving the whole hand 1 string down. In our the recordings, and the specified position starts at the 3rd.
analysis, we consider these positions are equivalent. Beqar, Figure2 shows an example of the recorded audio and
yond that, the same positidi200 may represenm with gestural information. All the recorded MIDI files can be
fingers 1,2, and 3 at strings 2, 4 and 3, respectively, or gownloaded atwwiiia.csic.es/guitarLabl.
D7 with fingers 1, 2, and 3 at strings 2, 3 and 1, respec-  The goal of this paper is to obtain models for each fin-
tively. Note how the order of the fingers has changed. In yering position. We assume the collected data for the same
our analysis, we study whether these positions present aryqsition played at different hand positions is similar {tha
equivalent response or not. is, from frets 1 to 7). Then, we collapse all the information

Table2 shows a detailed list of all the recorded posi- for each recording (moving the hand from fret 1 to 7) and
tions, specifying the played strings. Each recording in- build a pattern for that finger position. In order to avoid
cludes the hand position moving from fret 1 to 7. From the possible variations produced by the hand movements, we
multiple options for each configuration, we have used that only use information from beats 2 and 3 of every bar, in
one covering the worst case, i.e., we recor@ti0s3s5 which we assume the hand position is stable, and compute
instead 0f6110s5s3 because, in the first case, the hand is the mean for all the acquired data from sensors in this pe-
near the fretboard producing a higher crosstalk between theiod of time. We know the extracted information from bars
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Figure 3. Patterns for finger positions 1, 2, 3 and 4 with respect toftbeposition of the index finger, collected for
the 1010b position. Each column corresponds to the same pattern giongdifeference frets (from 1 to 7), and each
row corresponds to the same pattern modifying strings (s#3§5, s2s4, and s1s3). Vertical scale refers to measured
capacitance.

2 and 3 may differ from the information obtained in other ses: (H1) Moving up and down the same position through
scores (we are a bit conservative, here) but our goal is tostrings does not change the pattern; (H2) Moving up and
obtain the patterns in which the real and faster recordingsdown the same position through the fretboard does not change
will be compared to. These means are used to build a patthe pattern; (H3) The presence of a bar is always detected
tern for finger positions 1, 2, 3 and 4 with respect to the and it does not mask the information of following frets;
fret position of the index finger. After some preliminary (H4) Positions with one finger per fret can be detected;
experiments, we may assume that the information from (H5) Positions with more than one finger per fret can be de-
the other frets is not relevant. These patterns are also coltected; and (H6) Different finger positions under the same
lapsed through playing the same finger position at different fret configuration present a different the pattern.
strings. The analysis of the collected data is divided in three

In summary, we create, for each position, a pattern for parts. First, we describe how patterns are created. Then,
frets 1 to 4 (relative to the position of the index finger) we analyze whether the obtained patterns are coherent with
moving the position horizontally on the fretboard (moving what we expected. Finally, we analyze whether the ob-
the hand from low pitches to high pitches) and vertically tained patterns can discriminate between different psti
(moving the strings from low pitch to high pitch). FiguBe  automatically.
shows an example of some individual patterns collected to
create thel010 position. Plottings for all the patterns can

be downloaded awwiiia.csic.esguitarLab/. 4.1 Pattern creation
For all the obtained patterns (some of them are shown in
4. ANALYSIS F.igl.Jre3) aqd for each recordeq position, the behavior is
similar. This means that the given values and slopes are
In this section, we present the patterns that define differen equivalent for each row, that is, the same pattern is ob-
finger positions and the analysis of collected data. Specifi-tained by playing at different reference frets by moving the

cally, we are interested in verifying the following hypothe hand horizontally on the fretboard, and for each column,
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Figure4. Patterns obtained from means and standard deviation foeaecordings at different finger positions. Position
6000 jumps to 16000, but we skip the vertical scale from 0 to 5008at®e visual comparison.

that is, the same pattern is obtained by playing at differ- lower capacitive values were expected. But higher values
ent strings. This result verifies the hypotheses H1 and H2.were obtained. Regarding positidh00, the measured rel-
Then, we may group the patterns for each detailed positionative capacitance is really similar to positiag200, thus,

in Table2 into one of the the 22 proposed categories. our system won't be able to distinguish among these to fin-
ger combinations. Regarding positit®10, the first finger
sometimes causes a low activation (see FigyreMore-
over, because the middle finger tends to be close to the
As expected, the patterns captured with capacitative senfretboard, the measured relative capacitance in the second
sors are not linear combinations of the bakd®0, 0100, fret is similar to the measured when one finger is present.
0010, and0001 patterns. That is, the finger positions are These observations partly verify hypotheses H4 and H5,
influencing neighboring frets. However, the slopes are con-and the use of an automatic classification algorithm will
sistent with the activated frets. For instan6210 record- help us to study them in detail.

ings present a descending slope whe@E) recordings
tend to emphasize a sub-peak at third fret.

Regarding finger combinations with a bar, the experi-
ments demonstrate that the presence of a bar does not mas®Bnce we have verified the measured patterns mostly agree
the other fingers (see Figu#g. Indeed, the presence of a with the expected ones, we analyzed whether an automatic
bar generates more stable positions (diminishing standarctlassifier might identify them. We have 22 categories (in-
deviation). This result verifies hypothesis H3. Positions cluding 75 possible finger combinations) recorded at 7 ref-
1000 and 2000 can be confused because the slope is sim- erence fret positions, that is, a data-set with 525 record-
ilar and the unique difference is the absolute value of theings. As discussed in Sectigh2, not only the absolute

4.2 Study of patterns

4.3 Automatic detection

first fret. Although this value is higher at positi@00, values are important in the analysis, but the slopes. In or-
the difference is not large enough to establish a decisionder to include slope relative information to the system, we
point. computed the difference of the means from one fret with

Finger combinations in which consecutive frets are acti- respect to the previous one.
vated, present a more clear behavior, both in terms of slope  The baseline for random classification is 1/22=4,54%.
and small deviation. The clearest exponents are record+or simplicity, we use a K-nearest neighbours classifier
ings with only one fingerJ000) or a bar 6000) pressing  (with K=3) and evaluate using 10-fold cross validation.
the strings, but positions lik&110, 1200, 2000, 2100, and Results provide an overall accuracy of 44,6% (weighted
2200 follow also a clear behavior. averaged precision = 0.449, weighted averaged recall =

Two finger combinations require a deeper analyklf0 0.446, weighted averaged f-measure = 0.435). The con-
and1010 (see Figurel). The two combinations were played fusion matrix is shown in Figurg, and precision and re-
with the second active finger pressing lower strings, and call values for individual categories are shown in Tahle
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Figure 5. Results of automatic classification using K- Figure 6. Results of automatic for collapsed categories
nearest neighbours with K=3. Rows indicate categories classification using K-nearest neighbours with K=3. Rows
that should be classified and columns indicate automati-indicate categories that should be classified and columns
cally classified categories. Indexes follow these categori  indicate automatically classified categories. Indexes fol
(1)10004, (2) 1010a, (3) 1010b, (4) 1010c, (5) 11004, (6) low these categories: (1)1000, (2) 1010, (3) 1100, (4)
1100b, (7) 1100c, (8) 11104, (9) 1110b, (10) 12004, (11) 1110, (5) 1200, (6) 2000, (7) 2100, (8) 2200, (9) 6000,
1200b, (12) 2000a, (13) 2100a, (14) 2100a, (15) 22004a,(10) 6010, (11) 6020, (12) 6100, (13) 6110, (14) 6120, and
(16) 6000a, (17) 6010a, (18) 6020a, (19) 6100a, (20) (15) 6210.

6110a, (21) 61204, and (22) 6210a.

positions1100 and 1200, as reported in Sectidr2. For

‘the other finger combinations, confusions are not significa-
tive and more spread in the space. Thus, the behavior of
the automatic classifier is coherent. To conclude, hypothe-
ses H4 and H5 are partially verified, and hypothesis H6 is
verified.

Rows indicate categories that should be classified and co
lumns indicate automatically classified categories
Position 16 6000) is perfectly classified. But we ob-
serve some confusions between the other positions. First
indexes 1 and 12 (positiori900 and 2000, respectively)
are the worst classified, but confusions are only among
them. This is an expected confusion and it does not affect
the identification from the different positions at all. Be-
yond that, we also observe important confusions between
indexes 2, 3, and 4, which correspond to positions 1010a,
1010b, and 1010c, respectively. Note how all these con-
fusions belong to positioh010, but changing the finger’s
order, that is, they are equivalent. The number of fingers
pressing the frets is the same, and our sensor is not de
signed to distinguish between them. In a similar way, more
confusions can be found between indexes 5, 6, and 7 (po

5. CONCLUSIONS

The overall goal of our research is to understand expres-
sivity in guitar performances through particular articula

tions used by different players, styles or musical genres.
For that, we need to capture gesture information from the
left hand to analyze the fingering and possible articula-
tions.In this context, this paper presented a model that de-

sitions 1100a, 1100b, and 1100c, respectively), between tects the left hand position, based on gesture information,
indexes 8 and 9 (positiorid10a and1110b, respectively), using classification techn-lq.l{es. .
between indexes 10 and 11 (positict290a and 1200b, We proposgd an acquisition system based on capacitive
respectively), and between indexes 13 and 14 (positionsS€Nsors, we discussed the scores and formats for record-
2100a and2100b respectively). But the number of fingers  ings and analyzed the results directly from the data and us-
over the frets is always the same. In the forthcoming po- ind a state of the art automatic classifier. We proposed a list
sitions, with the presence of a bar, confusions are moreOf hypotheses that were practically verified, but results us
spread in the space, because the number of fingers on thé"d the proposed automatic classifier can be improved. For

frets is maximum. that, more research is required. Specifically, we will focus
We repeat the automatic classification process by col-our efforts onimproving the gesture acquisition system, by
lapsing the equivalent positions (see Table With the including information from hexaphonic pickup, and musi-

resulting 15 categories, and the baseline for random clas-cal context information to the classification algorithm.
sification is 1/15=6.67%, We achieved an overall accuracy

of 69.5% (weighted averaged precision = 0.67, weighted

averaged recall = 0.695, weighted averaged f-measure = 6. ACKNOWLEDGMENTS

0.673). The confusion matrix is shown in Figeand

precision and recall values for individual categories are This work was partially funded by NEXT-CBR (TIN2009-
shown in Table8. Only significant two confusions are still  13692-C03-01), ILALTS (CSIC-200450E557) and by the
remaining: between positiod§00 and2000, and between  Generalitat de Catalunya under the grant 2009-SGR-1434.



Expanded Collapsed

Position || Precision| Recall | Precision| Recall
1000 a 0.735 0.857 0.714 0.833
1010a 0.324 0.524 0.85 0.944
1010b 0.333 0.286

1010c 0.395 0.429

1100 a 0.333 0.714 0.681 0.889
1100 b 0.286 0.429

1100 ¢ 0.250 0.257

1110 a 0.364 0.286 0.722 0.813
1110b 0.357 0.357

1200a 0.227 0.179 0.483 0.292
1200b 0.478 0.393

2000a 0.655 0.543 0.625 0.500
2100a 0.323 0.357 0.689 0.646
2100 b 0.556 0.357

2200a 0.688 0.786 0.750 0.857
6000 a 1.000 1.000 1.000 1.000
6010a 0.438 0.50 0.333 0.417
6020 a 0.786 0.786 0.917 0.917
6100 a 0.727 0.571 0.636 0.583
6110 a 0.000 0.000 0.00 0.000
6120a 0.500 0.143 0.500 0.250
6210 a 0.400 0.143 0.500 0.250

Table 3. Precision and recall for automatic classification for (h)tee fingering positions individually classified (See
Figure5), and (b) collapsed fingering positions (See Fighre
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