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ABSTRACT

The analysis of a conductor’s gestures throughout a musi-
cal piece has multiple applications, ranging from educa-
tional, where the system can provide feedback to a begin-
ner practicing alone, to research, where it can provide sta-
tistical information about conductors whose video record-
ings are publicly available, and performance, where data
about conducting can be used as input to devices that aug-
ment the musical performance. Previous conductor track-
ing systems were not able to rely on simple video input, and
have used various motion capture devices that were some-
times intrusive. Other systems rely on extensive training
data.

In this paper, we introduce an approach that relies on
body pose landmark detection performed by the newly in-
troduced Google MediaPipe API. Using simple video re-
cordings, we detect undesired movements, such as sway-
ing and mirroring, and extract tempo and time signature
without the need for any training data. Our system works
on any video, including previous recordings found on the
internet.

1. INTRODUCTION

The act of musical conducting has always fascinated mu-
sic lovers and researchers alike. Conductors communicate
silently with orchestra musicians through hand gestures
and facial expressions, conveying a variety of information
that includes performance parameters and feedback. The
orchestra becomes the conductor’s instrument, and the con-
ductor is therefore the only musician (maybe with the ex-
ception of the theremin player) who can play an instrument
while moving their hands freely.

Conducting is easily understood by humans: its gestures
are almost self-explanatory. Computers, however, have a
significantly harder time, as visual gesture recognition is
a hard problem in general. Previous work that has an-
alyzed conducting relies on devices that can make con-
ducting awkward, such as digital batons [1], Nintendo Wii
remotes [2] and other inertial measurement units [3], or
motion capture cameras such as the Microsoft Kinect [4].
Such approaches make data collection cumbersome, and
prohibit analysis of videos that were prerecorded using sim-
ple cameras.
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With recent advances in machine learning, gestures can
easily be tracked in any video using software packages
such as Google’s MediaPipe [5]. MediaPipe tracks hu-
mans in videos and extracts skeletons similar to the ones
extracted by the now obsolete Microsoft Kinect, and can
do so on any video, whether it was just recorded with a
smartphone, or downloaded from the internet.

In this paper, we present a system that can visually an-
alyze conducting movements in any video, as long as the
conductor is visible and facing the camera. We describe
methods for detecting swaying, a common beginner con-
ductor mistake that can be distracting for musicians, and
mirroring, which may or may not be recommended de-
pending on circumstances. We also describe a method for
beat detection, which can then be used to determine con-
ducting tempo, and finally a method for detecting the time
signature of the piece based on the conducting pattern. Un-
like previous approaches, our methods do not rely on train-
ing data, and our beat detection method does not use the
time signature.

Our methods were designed with an educational approach
in mind. Conductors are the only musicians without an in-
dividual instrument, and as such they cannot receive imme-
diate feedback during individual practice. Beginner con-
ductors often practice in front of a mirror, and have to
judge their own performance, which can be difficult and
subjective. Our system can provide the desired feedback,
and can be further customized with thresholds. In addi-
tion, our approaches can be used to perform analysis on
old conducting videos.

2. BACKGROUND AND RELATED WORK

Conducting students often practice alone, using either a
recording or a metronome. However, conducting instruc-
tors acknowledge that practicing with a recorded sound
source alone is not as effective. Studies have shown that
students who practice with computer-based systems offer-
ing real-time feedback outperform those who rely only on
audio recordings for self-practice [6].

Various music technology applications were developed to
capture conducting gestures in order to conduct virtual or-
chestras [7, 8], or to augment musical performances [3].
Others were focused on music education, specifically on
teaching conducting [9, 10].

Some of these systems utilized computer vision [7, 8], but
faced challenges in tracking the conducting baton or hand.
Others relied on batons equipped with sensors or emitters,
such as the Digital Baton system developed by Marrin and
Paradiso [1], or a Wii remote [2]. While these systems im-
proved the tracking of conducting gestures, they required
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conductors to use devices significantly different from the
traditional, lightweight conducting baton. Baba et al. [11]
developed a ”Virtual Philharmony” incorporating various
sensing devices, including a glove with an accelerometer,
a baton with an infrared sensor, and a capacitance sensor.
Their work, like several previous systems, focused on ac-
curately extracting and reproducing the conducted tempo.
Lim and Yeo [12] used a smartphone as a conducting ba-
ton and, despite acknowledging ergonomic issues with this
approach, achieved promising results in extracting tempo
and certain cueing gestures.

More recent approaches avoided the use of intrusive track-
ing devices by using the Microsoft Kinect [4, 9, 13]. Al-
though the Kinect is now obsolete, it could be replaced
by other depth sensing cameras. However, such cameras
are not always easily available, and approaches relying on
them cannot be used on existing video recordings, unless
of course they were recorded with the same depth camera.
Detailed motion capture protocols using a variety of de-
vices are being used to generate high quality datasets for
the study of conducting [14], but these systems are not ac-
cessible to the average music student.

Our approach uses Google’s MediaPipe Pose Landmarker
[5], which can detect body pose landmarks, that is, the
location of the main body joints, and provide their three-
dimensional coordinates. Figure 1 shows these joints.

Figure 1. Body landmarks tracked by the Google MediaPipe pose land-
marker [5].

We then use the trajectory of some of these joints in the
video to extract various characteristics of the conducting
performance.

3. METHODOLOGY

Using the coordinates of the hands and torso, we detect
swaying and mirroring, and we extract tempo and time sig-
nature. Figure 2 shows a frame of our output video, over-
laying the body skeleton provided by MediaPipe on top of
the image, displaying the frame count, the tempo in beats
per minute, and, in this case, signaling that a beat has been
detected and mirroring is happening.

3.1 Swaying Detection

Swaying from side to side is a common mistake made by
beginner conductors who may be nervous and shift their
body weight from one leg to the other. Depending on the

Figure 2. A frame output by our system.

intensity, this can distract musicians, as it can interfere
with the conducting gestures.

To detect swaying, we track the x coordinate of the mid-
point between the two shoulders, which should be rela-
tively stable, and signal whenever this point moves too far
from its initial location. Figure 3 shows the graph of the x
coordinate of the point we are tracking over time in three
different cases. The top graph shows a video where the
person is not swaying. The location of the point is shown
in blue, while the horizontal red lines show the thresholds
between what we consider swaying and not swaying. Note
that these thresholds may appear far away, but in fact the
graph is zoomed in compared to the other two graphs. The
middle graph shows a person swaying to the right, and then
back to the left. Finally, the bottom graph shows a special
case where the person shifted in the beginning, but then re-
mained stable. This is not usually a problem, and an adap-
tive threshold that updates after a while could be used to
address this situation.

3.2 Mirroring Detection

Mirroring is conducting the same pattern with both hands,
using both hands to indicate the beat. While some mirror-
ing might be a personal choice, acceptable for emphasis,
formal education discourages it. Therefore we opted to
signal every frame where mirroring is detected, and at the
end we provide the percentage of time mirroring happened.
Users would have the option to fine tune this feedback.

Mirroring happens when the two hands move symmetri-
cally: they are at the same height (i.e., they have the same
y coordinate), and are at the same horizontal distance from
the center of the body. Figure 4 shows two different sce-
narios. The top graph shows the x coordinates of mirroring
hands. We can see that the trajectories of the right and left
hands, shown in blue and in red, are symmetrical, and the
midpoint between the two closely follows the center of the
chest. In the bottom graph, the left hand is mostly static,
and therefore the midpoint between the hands follows the
movement of the right hand, moving in and out from the
center of the chest. This person is not mirroring.



Figure 3. Detecting swaying. Top: not swaying. Middle: swaying right
to left. Bottom: moving away from initial position.

Figure 4. Mirroring detection. Top: Mirroring. Bottom: not mirroring.

3.3 Beat Detection and Tempo Calculation

To detect the beats from the conducting, we need to take
a look at the conducting motion. For this work, we lim-
ited ourselves to the three most common time signatures:
2/4, 3/4, 4/4. Figure 5 shows their right hand patterns.
We can see that, regardless of the time signature, the beat
is signaled with an ictus where the right hand reaches a
low point and starts to move upward. Therefore the beats
should correspond to local minima in the y coordinate of
the right hand.

Figure 5. Right hand movement patterns for the most common time sig-
natures: from left to right, 2/4, 3/4, and 4/4 [15].

Looking at the variation of the right hand y coordinate
over time, we can see that the ictus is indeed always easy
to detect, regardless of time signature. Figure 6 shows the
x and y coordinates of the right hand in blue and green
respectively, over time. The top graph is for a 2/4 time
signature, the middle for 3/4, and the bottom for 4/4. In
each case the local minima were easy to detect using a peak
detection function, and we marked them on the graph with
vertical purple lines. These lines correspond indeed to the
instances when beats were conducted.

3.4 Time Signature Detection

Our time signature method relies on the periodicity and
general shape of the conducting gestures. Looking at Fig-
ure 5, we can see that for each time signature, while the
moment of each beat is marked by a local minimum in the
y coordinate of the hand, the gesture corresponding to each
beat is delimited by two local maxima of the y coordinate.
If the conductor follows the textbook pattern, then the hand
should always return to the coordinates from the previous
measure, at least for the points delimiting the beats. In
Figure 6 we can see that while we concentrated on local



Figure 6. Right hand coordinates over time for the three time signatures:
2/4 (top), 3/4 (middle), 4/4 (bottom).

minima for the beats, local maxima are also easy to ex-
tract. Figure 7 shows the locations of these points in the
x/y plane for a video with a 3/4 time signature. We can see
that the points are easily grouped into three clusters that
delineate a triangle that the conductor was following while
conducting the piece. The number of clusters gives us the
number of beats in the pattern, and therefore the time sig-
nature, 3/4.

Figure 7. Hand coordinates in a 3/4 time signature.Clusters can be seen
easily.

But not all conductors follow the textbook pattern. These
could either be beginners who are having trouble, or ad-
vanced conductors who usually move away from the text-
book and adopt a more personal style. Regardless of the
reason, the hand coordinates can’t be clustered that clearly
anymore. Figure 8 shows such a case.

Figure 8. Hand coordinates in a 3/4 time signature. No clear clusters can
be extracted.

However, even in this case, conductors will want to mark
the beat with an ictus, and clearly delimit one beat from the
next, so peaks and valleys in the y coordinate should still
be visible. Indeed, Figure 9 shows the x and y coordinates
over time for the video from Figure 8.

The difference between how the downbeat and the upbeat
are conducted makes the beginning of each measure easy
to detect. Each measure will have a number of peaks equal
to the number of beats in the measure, and the first peak
(between the downbeat and the upbeat) will always be the
highest. Therefore, if we find the highest peaks and their



periodicity, we should be able to determine the number of
beats in a measure and therefore the time signature. In
Figure 9 we marked the highest peaks with a red dot. We
can see that the red dot appears at every third beat, and
indeed, this graph was generated from a video with a 3/4
time signature. The x coordinate also shows a periodic
pattern, but the number of beats can only be extracted using
the y coordinate.

Figure 9. x and y coordinates over time, with the beginning of the first
beat marked in each measure.

Depending on the purpose of the application, this ap-
proach can be used to signal that the time signature is cor-
rect, but the gestures need to be improved.

4. RESULTS

We tested our methods on a variety of videos. Some were
obtained by recording conducting students at the beginning
of their second college level conducting course, such as the
one shown in Figure 2, while others were generic conduct-
ing videos scraped from YouTube (Figure 10. MediaPipe
was able to track the skeleton of each conductor even if the
legs were not shown in the frame.

Figure 10. Output from a video scraped from YouTube.

Our system was able to successfully detect swaying and
mirroring, extract the beats, and calculate the tempo. Time
signature extraction worked for all those videos where the
time signature did not change during conducting, and the

gestures were fairly clear. Changes in time signature will
have to be indicated manually by the user.

As mentioned in the previous section, our method can
also be used to indicate that the gestures used do not follow
the textbook.

5. CONCLUSION AND FUTURE WORK

Using Google Mediapipe’s pose landmark detection task,
we were able to devise a variety of algorithms that can an-
alyze conducting gestures in videos without requiring any
additional motion tracking devices. Specifically, our meth-
ods can detect swaying and mirroring, can extract the beats
and calculate the tempo, and can recognize the time signa-
ture if the conducting gestures are consistent.

Our approach works on a variety of videos, ranging from
smartphone recordings to older videos found online. Al-
though the main purpose of our project is educational, to
help beginners practice conducting, our methods can be
used for other purposes as well, such as conducting mo-
tion analysis for research, or augmenting the musical per-
formance with other effects.

Future work includes analyzing other conducting patterns
for other time signatures and changes in articulation, as
well as looking at the left hand and cueing gestures.
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