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The effectiveness and reliability of crowd-sourced data classification to study the acoustics of the steelpan 
was evaluated. A project was developed and hosted on the widely used Zooniverse website. Volunteers on 
the project's site were asked to identify areas of maximum vibrations (called antinodes) and number of 
bright rings (fringes) in those areas for each classification. We explored various methods in ensuring 
volunteers generate successful classifications. The data for classification comes from a high-speed video 
recording, paired with Electronic Speckle Pattern Interferometry, of a strike on the steelpan's surface, 
which produces thousands of frames to be analyzed. We developed the project in preparation for a public 
release. We have analyzed the collected classifications using imported Python libraries. After validation 
and averaging of volunteer classifications, an Amplitude vs. Time graph was obtained for each contributing 
note in the recording of a strike.
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1. INTRODUCTION

This project builds on the previous work by Morrison, Moore, and Zietlow. Their investigation
included utilizing phase vocoder analysis to record the harmonics present in a strike of a steelpan.
These data were supplemented with a time averaged electronic speckle pattern interferometry and
high speed video recording to examine the transient motion of the strike.1 The challenge that arose
in this investigation was the linking between the audio and visual recordings. The acquired time
averaged frames were low-contrasted, frequently ambiguous, and numerous (the research team
wished to analyze up to 13,000 frames). It was concluded that a computer could not reliably
quantify all the data. Thus, Morrison et al. chose to enlist the help of volunteers on an online,
citizen science platform called Zooniverse.

Our project, dubbed Steelpan Vibrations, is now an official project on Zooniverse.org. Zooni-
verse is a website that hosts several research projects that require a large community to classify
data. The site provides support for projects under different stages of development. Once a certain
project is prepared for a full launch, it is open to the entire Zooniverse community. Because we
are an official project, we can now acquire a lot of classifications from volunteers of various back-
grounds and education levels. With a large number of volunteer produced classifications, there
is a need to ensure quality classifications, and then to evaluate the quality and utility of those
classifications.

There are currently 13,375 frames among the subject sets, spanning 7 different strikes. When
analyzing a frame, a volunteer must identify where the areas of maximum vibrations, or antinode
regions, are located. The number of concentric circles contained within a region, or fringes, are
also noted. The fringes of a region are indicative of the amplitude of the vibration. Once all
the frames within a subject set are quantified, a clear and accessible mapping of the propagating
coupled vibrations will be made available.

The contributions described here include the development of the project to its public status, the
analysis of the gathered classifications, and the validation of these results.

2. METHOD

What allows a project to move through the developmental stages to a public, official release is
providing enough resources to help the Zooniverse users in the classification process. One of these
resources includes a video demonstration, which was also added to shorten the tutorial completion
time. A field guide was added as well; this guide includes several sets of challenging frames that
were then classified by the research team. The guide allows the research team to better express
their expectations to the volunteers. A blog was created to communicate more directly with the
users; here the users can keep up to date with the project’s progress and learn more about the
research.

To test the effectiveness of these tools, a smaller subject set was created to be completed by a
handful of volunteers. The objective of this test was to observe whether most of a specific frame’s
classifications sufficiently matched the desired result. The test would also help determine how
many classifications we need before retiring a frame. The Python library called DBSCAN, or
Density Based Spatial Cluster of Applications with Noise, was the primary procedure in analyzing
the results.2 The benefit of using this library is that we can remove all the classifications that miss
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(a) Refers to a specific completed subject. (b) Refers to a separate subject.

Figure 1: The drawn ellipses of the identified antinode regions.

(a) Refers to same subject frame in Fig 1a (b) Refers to same subject frame in Fig 1b

Figure 2: The resulting clusters and the points labeled as noise (which appear as black dots).

the mark relative to the other volunteers without defining what should be considered acceptable
beforehand. After running the classifications through this clustering algorithm, while throwing
away the points considered noise, the resulting clusters will be aggregated together to form the
final frame.

To determine the value of these aggregated frames, they were compared to a researcher’s clas-
sification. This is a helpful index since the alternative to enlisting the aid of volunteers was to have
the research team go through and quantify all the data.

3. RESULTS

The classification data were taken from a CSV file to be translated onto plots. These plots were
set in an X-, Y- plane that was identical in size to the pixel dimensions of the classified subject
frames. Figure 1 contains the ellipses drawn around each of the antinode regions the volunteers
identified; Fig. 1a refers to a single subject frame, while Fig 1b is a separate one.

Figure 2 contains the centers of the ellipses from the same two subject frames, but after passing
the classifications through DBSCAN. Here the black dots refer to points that are considered noise,
they are labeled as such due to their centers and area of the ellipse being significantly different
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(a) Refers to same subject frame in Fig 1a. (b) Refers to same subject frame in Fig 1b.

Figure 3: Completed frames that have their clusters aggregated. The averaged number of
fringes is recorded in the center of each ellipse.

(a) (b)

Figure 4: Aggregated classifications from the research team for the previous subject frames.

from the other identified antinode regions. The remaining colored clusters are now treated as their
own individual antinode regions.

All the classifications within a single antinode region/cluster have their size, number of fringes,
location, and orientation averaged to produce the plots in Fig. 3. The averaged fringe count is
reported in the center of each antinode. These figures are the aggregated frames that will later be
strung together to produce a mapping of these coupled vibrations propagating through time.

Figure 4 refers to the same four subject frames, but they are comprised of the classifications
provided by the research team.

This comparison is helpful in determining the success of individual frames. Figure 5 depicts
amplitude of a single contributing note as time progresses after a strike as measured in two different
ways. Figure 5a shows the amplitude of one region by the reported number of fringes, while Fig.
5b shows the amplitude of the same region by the area of the drawn ellipse. These graphs are
produced using the 18,000 classifications the project currently has. The antinode region tracked in
this figure comes from the struck note of a single recording. This figure is also representative of
the quality of the other antinode regions’ amplitude versus time graphs.
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(a) Measures amplitude by the number of
fringes the antinode contains.

(b) Measures amplitude by the area of the
antinode.

Figure 5: The amplitude of a contributing note of a single strike through time.

4. DISCUSSION

The similarity between the aggregated frames and the team’s classification suggests that the
use of a citizen science project is an effective method in accurately quantifying the data.

Figures 1-3 were created using around 11 classifications per frame. Since these results proved
satisfactory when compared to the desired results, the limit at which a certain frame would retire
was set to 15 classifications. The reason the success of these individual frames is essential for the
success of the entire time lapse is because the data record the continuous motion of the coupled
vibrations on the pan’s surface. If the classification for every frame is as accurate as possible, then
the results can mirror this continuity but with clarity and accessibility.

An important measure to determine the effectiveness of citizen science for the research is
whether this method causes quicker results. Since the retirement limit for each frame is set to
15 classifications, it would only take 15 volunteers of a community of tens of thousands to match
the speed of a single researcher. Even if this very probable goal is not met, the value of volunteer
classified data may be worth the wait. As stated before, we hope to achieve a continuous mapping
of the coupled vibrations. If 1 or 2 individuals from the research team classified all the frames, then
the graphs would exhibit only steps between increasing amplitudes. However, finding the time at
which a note is leaving 3 fringes or just about to reach 4 is made possible when there are several
people making their best guess.

Regarding Figure 5, these results are far from favorable and sufficient as an explanation. How-
ever, this may not be very meaningful in determining the quality of the data. The main reason being
is that most of the aggregated frames only have 1 or 2 classifications, which is expected since there
are only 18,000 classifications over 13,000 frames. At this stage, there is not an efficient way to
determine what classifications should be considered noise. This also leads to unreliable averages
which make the graph of the time lapse look discontinuous.
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5. CONCLUSIONS

The comparison between the aggregated frames from the volunteers and from the research team
suggests that the citizen science method is an accurate way in quantifying the data. Whether it is a
timely approach is yet to be determined; however, its timeliness may be significantly outweighed
by the quality of the aggregated frames in ascertaining the general effectiveness of the approach.
Combining all the available aggregated frames creates a disordered mapping of the amplitude of
each contributing note through time. These graphs will not be useful in evaluating the effectiveness
of citizen science for the research until there are a lot more classifications. But, there are reasons
to believe these final graphs from the volunteers will be superior to the research team quantifying
all the frames. When a continuous mapping of the vibration is available, the results of the phase
vocoder analysis can be linked with the visual data of the time resolved interferometry. In doing
so, there will be a spatial and temporal account of the steelpan’s unique sound and we can better
understand the phenomena of coupled vibrations.
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