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Introduction
The Instrument was originally introduced in the Dehong
area of Yunnan, and initially, the holes in the main tube
of this instrument were evenly spaced, making the pitch
inaccurate. In the 1980s, it was improved by Wu, Gong,
and Gen[1], after which it was embraced by professional
orchestras and grew in popularity throughout China.

So far, hulusi has become a required instrument in ele-
mentary school music classes in Yunnan Province[2]. Hu-
lusi is also taught in elementary schools in Beijing and el-
sewhere. Hulusi has become the first instrument on which
many primary school students in China learn to play mu-
sic[3]. Kunming, Yunnan Province, has hosted an annual
Hulusi Art Festival since 2014, featuring a special eth-
nic band that plays Hulusi [4]. Even in Lianghe County,
hulusi has become a tourism marketing tool, and many
tourists visit. In 2023, Hulusi’s hometown will welcome
1.24 million visitors[5].

Although Hulusi has gained popularity in China, its ar-
ticulation principle remains unclear. Due to varying pro-
cesses, the hulusi instruments crafted originally in Yun-
nan may exhibit significant differences in spectral cen-
troid, flux, roughness, and sharpness. Therefore, a basic
understanding of the timbre features of the Hulusi is still
missing and shall be addressed in this paper.

This paper uses self-organized Kohonen map (SOM) trai-
ning timbre features extracted by COMSAR Music Infor-
mation Retrieval (MIR) framework to compare the arti-
culation and timbre differences between different hulusi
instrument makers and different instrument tonalities. It
therefore provides a feasible reference for a physical mo-
deling of hulusi and its timbre virtualization to be per-
formed in a future study.

Material and Methods
In this investigation, the hulusi made by a traditional
Chinese instrument maker in Yunnan Province were utili-
zed (see Figure 1). All hulusi were collected by the author
in Yunnan province during a fieldtrip. Instrument buil-
ders were interviewed in terms of instrument building,
materials used, and related topics.

A total of nine hulusi in various keys were employed.
Feng Shaoxing, the inheritor of the instrument in Li-
anghe County, Dehong, who has been creating hulusi for
more than 60 years, provided three of the hulusi (in the
keys of A, G, and C). Ni Kaihong of Lianghe County, a
young inheritor of the instrument, provided the three hu-
lusi with jade mouthpieces (in the keys of C, B-flat, and

F). The remaining three hulusi (in the keys of C, B-flat,
and F) were obtained from Feng Shaoxing’s student, Du
Deguang of Lianghe County.

Abbildung 1: Left: Front of hulusi Right: Back of hulusi

Instruments construction
The upgraded hulusi consists of a primary tube and two
secondary tubes. The primary tube has seven finger holes
and provides a gamut of nine full-hole pitches, encompas-
sing one octave and a fourth.

Measurements
To explore the instrument timbre and articulation it is
assumed that hulusi or single pitches cluster in terms of
their timbre properties and are recognition as such by
listeners. Therefore single tones or notes were investiga-
ted by employing nine different hulusi with varying pit-
ches, record them in an anechoic chamber using a dum-
my head (HEAD Acoustics SQuadriga). The pitches were
then sorted in a descending order. Three hulusi in the key
of C, two hulusi in the key of B-flat, one hulusi in the
key of A, one hulusi in the key of G, and two hulusi in
the key of F were used.

Each note possible on the instruments was played ten
times and recorded for three seconds each. Additionally, a
10-second melody was recorded, which was also repeated
10 times to display overall recognition of the instrument’s
articulation.

Music Information Retrieval
The COMSAR framework was developed by the Institu-
te of Systematic Musicology in the project of Computa-
tional Phonogram Archiving[6]. The framework includes
a timbre feature extraction library, which can transform
the tones of hulusi in psychoacoustic relevant features Pa-
rameters in this library comprise spectral centroid, spec-
tral spread, spectral flux, roughness, sharpness, SPL and
fractal correlation dimension.

Notably, spectral centroid represents timbre brightness
and stands out as one of the primary features when ra-
ting timbre dissimilarity[7]. Spectral spread indicates the
degree of distribution of frequency content in a spectrum
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and can be used to distinguish between noise and pitched
sounds. Spectral flux can indicate the rate at which the
power in the audio spectrum changes. It is calculated in
the formula for the amount of change in the spectrum
between two adjacent sound analysis frames. The supe-
riority of spectral flux lies in its ability to take advantage
of the sudden change in spectral energy caused by the
playing of a new note. Roughness is a fundamental hea-
ring sensation for fast amplitude modulations[8]. Around
15 Hz frequency difference between two adjacent spec-
tral peaks, the sound begins to sound rough. Sharpness
is a measure of the high frequency content of a sound.
SPL is a common physical measure of loudness, rough-
ly calculated as a current sound pressure p with respect
to a reference pressure p0 like 20 log p/p0. The Fractal
Correlation Dimension counts the number of inharmonic
component/overtone structure and significant amplitude
fluctuations for the initial transient of musical sounds[9].

All of the above-mentioned recording segments (9 diffe-
rent key hulusi * 10 measurements of each single tone
* number of different pitch single tones per hulusi (9)
) were first arithmetically averaged, which means that
10 measurements were averaged to produce 81 segments,
each of which was no more than 3 seconds long. Normali-
zation is then performed and analyzed using the Fourier
transform to obtain the amplitudes and frequencies of
the corresponding discrete spectra, which are then sub-
stituted into the seven timbral features described earlier
for further processing. All processed timbre parameters
are concatenated to produce the training vector for the
feature SOM.

Machine Learning
This paper makes use of the COMSAR architecture
developed at the Institute for Systematic Musicology,
which employs self-organizing maps. The 2D map con-
tains 18*18 neurons for timbre feature vectors. Each vec-
tor was trained for 500 iterations.

The training results are displayed in Kohonen SOM
maps. In this paper, Kohonen SOM maps visualized with
u-matrix are used to highlight clustering boundaries on
the grid. As shown in the left map of Fig. 2, dark blue in-
dicates a small distance between neighboring cells, which
is the clustering region, and light yellow indicates a large
distance, which is the clustering boundary.

Figure 2, 3, 4 and 5 depicts the Kohonen SOM map ob-
tained through single parameter training. Figure 6 shows
the trained Kohonen SOM maps obtained by using va-
rious parameter vector combinations. These Kohonen
SOM maps were chosen based on the clustering of va-
rious hulusi tones as well as other subclusters (for exam-
ple, single tone and melody for the same key hulusi).

Results
Single feature SOMs
Using the nine hulusi described in Measurements, nine
single tones ranging in pitch from low to high were mea-
sured. To estimate the impact of single timbre features,
at first each single timbre feature was used as input to a
separate Kohonen map. Figure 2, 3, 4 and 5 depicts the

single timbre SOMs for four timbre features: spectral cen-
troid, sharpness, fractal correlation dimension, and flux.
After training, the sounds used for training were fitted to
the best-matching neuron on the trained map indicated
by the dots. In each plot pitches are represented using
color of the dots, from the lowest low octave sol (dark
blue) to the highest la (light gray). Different parameters
were used to determine the background colors of the left
and right figures. The background color in the left figu-
re represents the similarity of neighboring neurons, with
blue and dark colored regions indicating higher similarity
and clustering regions. The light yellow color has lower
similarity and can serve as a clustering boundary. The
background color of the right panel has been chosen to
correspond to the parameters; the background color pa-
rameter on the right side of Fig. 2 is the spectral centroid;
Fig. 3 is the sharpness; Fig. 4 is the fractal correlation
dimension; and Fig. 5 is spectral flux. Each panel on the
right side of the dark color indicates the corresponding
low value, while the light color represents the high value.

The left of figure 2 shows that the treble’s sol, la, and
fa are regularly clustered on the lower left. The midd-
le sounds mi, re, and do are scattered on both sides of
the light-colored border in the middle, with do cluste-
ring in the upper right corner; bass usi, ula, and usol are
dispersed throughout the region and do not form a clu-
ster. These findings indicate that the spectral centroid
of the middle and high pitches is consistent with respect
to brightness, whereas the spectral centroid of the low
pitch is scattered, which could be attributed to the fre-
quency instability of the hulusi bass. The figure on the
right depicts a SOM plot with the spectral centroid as its
background color. The dark color denotes the low spec-
tral centroid, while the light yellow indicates the high
spectral centroid. We discover that the centroid of the
middle sounds is higher than that of the treble. This in-
dicates that the middle sounds has more overtones, so its
centroid behaves higher than the treble.

Figure 3 shows the sharpness results, with clustered are-
as and boundaries on the left: the treble sol, la, and fa
are clustered in the lower left region, the middle sounds
mi, re, and do are mostly clustered in the middle slightly
lighter colored region, with a few in the upper right cor-
ner in the other region divided by the yellow clustering
boundaries, and the bass sounds usi, ula, and usol are di-
spersed and unable to be clustered. Thus, the sharpness
feature shows three clusters, with the midrange cluste-
ring area distributed on both sides of the yellow border.
The graph on the right, on the other hand, has sharpness
as a background color, and it is clear that the middle so-
unds has a higher overall sharpness value than the treble,
and it can be similarly deduced that the middle sounds
has more overtones, and thus more sounds in its high
frequencies than the treble.

Left side of Figure 4 shows the correlation dimensions,
which are slightly different from the previous two featu-
res in that the treble sol, la, and fa are perfectly cluste-
red in the darker clustered region in the lower left; as the
pitch decreases, the middle sounds mi, re, and do gra-
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dually spread to the lighter clustered boundary in the
upper right, and the low sounds usi return to spreading
back to the lower left after placing the boundary in the
upper right, ula and usol. In the correlation dimension,
the data show that only the treble sol, la, and fa can
be clustered. And, as shown in the graph on the right,
the middle sounds is relatively scattered throughout the
graph, but it has a higher correlation dimension than the
treble. The correlation dimension is directly proportional
to the number of overtones, indicating that it has more
overtones for middle sounds.

The spectral flux in figure 5 shows a very different pic-
ture. Clustered areas are shown on the left: The majority
of the treble and middle sounds are clustered in a darker
region in the upper right, while a small number of treble
are clustered in a slightly lighter region in the upper left.
The middle forms a lighter clustered boundary along the
diagonal, with a small clustered area of bass and middle
sounds in the lower left of the boundary and a cluster
of basses in the lower right. Our results show that it is
not possible to cluster different pitches based on the flux
feature; only a rough estimate can be made. The middle
sounds and treble on the right are mixed together, indi-
cating that there is no significant difference between their
spectral fluxes.

Overall, the results show that spectral centroid and shar-
pness can be used to differentiate the hulusi’s middle so-
unds and treble, with the failure to cluster the low sounds
possibly due to the hulusi’s unique articulation pattern
and the slight differences between the handmade hulu-
si chosen by the different makers. The spectral centroid,
sharpness, and correlation dimensions of the middle so-
unds are higher than their treble values, implying the
presence of more overtones in the middle sounds, which
could be hypothesized to be close to the instrument’s in-
trinsic frequency. This will be investigated further in the
following sections using various parameter combinations.

Abbildung 2: SOM of spectral centroid, left: background co-
lor with (dis)similarity, right: background color with centroid
itself. Dot color is the characteristic value of each recording’s
timbre; different color dots indicate different pitches; the pit-
ches are arranged from high to low as follows (gray: la, light
blue: sol, light green: fa, yellow: mi, orange: re, red: do, pink:
u si, purple: u la, dark blue: u sol).

Multiple feature SOMs
In the following discussion, more than two combinati-
ons of features will be used to present the findings. At
the same time, apply similarity/dissimilarity to the back-

Abbildung 3: SOM of sharpness, left: background color with
(dis)similarity, right: background color with sharpness itself.

Abbildung 4: SOM of fractal correlation dimension, left:
background color with (dis)similarity, right: background color
with correlation dimension.

ground color parameter. This improves the accuracy of
timbre perception, particularly for pitch[10]. As previous-
ly discussed, spectral plosives are better at clustering the
hulusi’s middle sounds and treble, so all of the feature
combinations listed below include them.

The combination of spectral centroid, sharpness, and cor-
relation dimensions in the upper left of Figure 6 produ-
ces three clusters: a darker clustered region of treble in
the lower left corner, a clustered region of middle sounds
dispersed in the upper left and slightly lighter color in
the middle, and a clustered region of bass dispersed in
the lower right and slightly lighter color in the middle.
In this, the treble is more perfectly clustered, forming a
dense dark area; the middle sounds are more dispersed,
forming two slightly lighter-colored clustered areas; and
the bass area is relatively more dispersed, scattered pri-

Abbildung 5: SOM of spectral flux, left: background co-
lor with (dis)similarity, right: background color with spectral
flux.

DAGA 2024 Hannover

1052



marily below the lighter-colored clustered boundary in
the upper right corner, up to the darker area at the bot-
tom. It’s worth noting that the intermediate DO appears
separately in the upper right light and lower right darks.

The feature combinations of spectral centroid, spectral
flux, and sharpness are shown in the upper right map of
figure 6. Only the treble region is clustered in the lower
left corner, and the midrange and bass regions are not
clustered. The figure shows that the midrange continues
to spread to the upper right as the pitch decreases, with a
light-colored clustering boundary area in the upper right
corner. As the pitch decreases, the bass spreads in the op-
posite direction, toward the lower left corner. A few DO
and u si sounds appear on the light cluster boundaries,
indicating that their spectral flux combination characte-
ristics differ significantly from other sounds.

The lower subfigure of Figure 6 then combines the four
features: spectral centroid, spectral flux, sharpness, and
correlation dimension. The treble remain perfectly clu-
stered in the darker-colored region on the lower left. The
middle sounds are divided into two subclusters of slight-
ly lighter colored regions, located at the bottom middle
(positions 0-8) and bottom right (positions 0-10). Bass
sounds, on the other hand, cannot be clustered and are
spread across the top of the figure (positions 8-17). In-
dividual DO sounds and uoct si appeared within the
lighter-colored region on the upper-right cluster bounda-
ry, and they matched the hulusi sounds from the previous
feature combination plot.

Abbildung 6: SOM for three multi-feature correlations:
spectral centroid, sharpness and correlation dimension (up-
per left), spectral centroid, spectral flux and sharpness (up-
per right), and spectral centroid, sharpness, spectral flux and
correlation dimension (lower).

Conclusion
The current findings add substantially to our understan-
ding of spectral centroid and Sharpness cluster the pitch

of different hulusi relatively obvious. As a result, we
can conclude that the structure of subclustering is clea-
rer when the combination of features includes the three
features listed above. Typically, sub-clustering is based
on treble (la,sol,fa) and middle sounds (mi,re,do) sub-
clusters. This is due to the fact that when treble is played,
the air pressure remains relatively low and stable. At the
same time, individual feature plots reveal a distinct phe-
nomenon: middle sounds have higher feature values than
treble. This is most likely due to the middle sounds pro-
ducing richer overtones, which are closer to the hulusi’s
intrinsic frequency and reeds generally have lower eigen-
values than playable sounds. This also sets the stage for
our further work.
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