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This paper compares dynamic time warping (DTW) and recurrent neural networks (RNNs)
for real-time drum pattern recognition on embedded hardware using both MIDI and audio
representations. Motivated by Smart Drums—electronic drum kits with embedded intelligence
requiring low-latency, robust pattern detection to repurpose drum phrases as high-level control
signals during live performances—a dataset was recorded from 20 drummers, comprising
200 distinct drum patterns, each with ten expressive variations (2,000 performance instances),
recorded in MIDI and audio. DTW serves as an alignment-based baseline using pattern-specific
thresholds applied to MIDI matrices and MFCC-based audio features. The RNN employs a
stacked recurrent architecture trained on synthetic pattern variations generated by a rule-based
model. Experiments assess accuracy (precision, recall, and F1-score), robustness to expressive
variation, and embedded performance (latency, CPU, and RAM usage) on a Raspberry Pi 4
across sets of one, three, and ten simultaneous patterns. Results show that the RNN consistently
attains higher F1-scores and lower inference times than DTW in both modalities, with the
performance gap widening as the number of simultaneous patterns increases. While MIDI
generally yields higher detection accuracy than audio, the RNN maintains robust performance
in both domains, making it better suited for deployment on Smart Drums.

Keywords: Embedded Audio, Music Information Re-
trieval, Music Pattern Recognition

1 INTRODUCTION

Real-time musical pattern recognition is relevant to a
broad range of applications, including augmented and
smart musical instruments (SMIs), audio plugins, live light-
ing/visual control, and interactive installations. One moti-
vating paradigm for connected, computationally active in-
struments is the Internet of Musical Things, which envisions
a network of smart, connected devices dedicated to the pro-
duction and reception of musical content [1]. A central tenet
of the Internet of Musical Things is the concept of SMIs—
instruments that surpass the sole role of sound generation to
become active computational devices capable of analyzing,
understanding, and responding to the musician in real time
[2]. Unlike traditional augmented instruments, which typi-
cally map sensor data directly to sound synthesis parameters
[3], SMIs possess embedded intelligence that allows them
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nishal.silva@unitn.it.

to extract high-level semantic information from a perfor-
mance. This understanding is a prerequisite for advanced
forms of human-computer interaction such as automatic
accompaniment, intelligent looping, context-aware effects
processing, and real-time feedback.

Smart Drums represent a specific class of SMIs in which
a drum kit is augmented with an embedded computing unit.
In a representative use scenario, a drummer performing
live repeats a recognizable pattern, such as a characteristic
groove or fill, and the Smart Drum detects this repetition
and transmits a high-level control signal wirelessly to exter-
nal devices such as lighting controllers, smoke machines,
haptic devices, loop pedals, or multimedia servers, with the
aim of enhancing the audience experience. To enable a real-
time operation, it is necessary to ensure that the triggered
responses via the external peripherals feel musically imme-
diate. Realizing this capability requires solving the problem
of embedded real-time drum pattern recognition: identify-
ing specific rhythmic patterns from a continuous audio or
MIDI stream, on constrained hardware, under strict latency
requirements.

The latency requirement between the conclusion of the
pattern by the drummer and the triggering of the associated
event perceived by the audience depends on the peripheral
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involved and the corresponding sensory stimulus (visual,
haptic, auditory, and olfactory). The strictest of these re-
quirements relates to the case of triggering a sound im-
mediately after a pattern is completed. The threshold for
distinguishing two consecutive sound events is established
at approximately 30 ms [4], and this value is therefore con-
sidered the upper bound on the acceptable end-to-end la-
tency for real-time pattern classification in the Smart Drum
system.

Musical pattern detection is a widely researched task
with applications including computational musicology, au-
dio fingerprinting, music classification, and music recom-
mendation. Research has demonstrated the importance of
musical patterns and their analysis, as humans usually asso-
ciate structure in music through the perception of repetition
[5, 6]. Real-time signal analysis has a well-established pres-
ence in music information retrieval: onset detection [7, 8],
beat tracking, and real-time audio feature extraction have
each been demonstrated at latencies compatible with live
performance.

Real-time and streaming transcription of polyphonic and
percussive audio has also seen substantial progress [9, 10]
and can in principle support pattern-level applications since
transcribed onsets/pitches can be matched against a tem-
plate as they arrive. That broader body of work targets
open-set, frame-by-frame transcription of arbitrary musi-
cal content; the present work instead addresses closed-set
recognition of a fixed, drummer-specific pattern vocabu-
lary, complete only once a full pattern has been played,
which is a distinct task with different constraints. Work
of this kind is regularly disseminated at international con-
ferences such as New Interfaces for Musical Expression,
International Society for Music Information Retrieval, and
Sound and Music Computing, which serve as the princi-
pal platforms for presenting new real-time and interactive
music systems to the computer music community.

The specific problem of detecting user-defined, high-
level percussive patterns in real-time on embedded hard-
ware, under the narrower setting of closed-set pattern recog-
nition for SMIs, has not been systematically investigated.
This gap currently limits the development of Smart Drums
as an SMI platform.

Furthermore, the computational constraints of SMIs im-
pose strict limitations on algorithmic complexity. Tradi-
tional methods may struggle with real-time operation and
polyphony [11–13], and cloud-based solutions may exceed
the strict latency threshold set for real-time operation (i.e.,
30 ms). Consequently, recognition algorithms must be op-
timized for edge execution: operations running locally on
embedded microprocessors where memory and clock cy-
cles are scarce. To address these challenges, this research
evaluates two distinct approaches: a traditional dynamic
time warping (DTW) approach and a data-driven recurrent
neural network (RNN)–based approach.

DTW is a widely used technique for sequence alignment
in music information retrieval. By computing a nonlinear
alignment path between a query sequence and a reference
template, DTW can provide an elastic measure of similar-
ity that is robust to global tempo changes and local timing

distortions. However, the standard DTW algorithm suffers
from quadratic computational complexity (O(N2)), which
scales poorly with sequence length and can become a bottle-
neck in real-time systems. Moreover, DTW often struggles
with raw audio data, where noise and timbral variations
can corrupt the distance metric, necessitating complex and
computationally expensive feature extraction steps.

In contrast, deep learning architectures such as RNN,
with their ability to handle long sequential events, have
emerged as powerful alternatives for sequence model-
ing tasks [14, 15]. RNNs are capable of learning high-
dimensional, nonlinear representations of temporal data,
potentially allowing them to capture subtle performance
deviations more effectively than rigid distance metrics.
Moreover, once trained, RNN typically offer lower infer-
ence complexity (O(N)), making them a strong candidate
for real-time embedded applications. However, deep learn-
ing models are notoriously data-hungry and can function as
black boxes, making their failure modes difficult to predict
compared to the interpretable alignment paths of DTW.

While existing literature has explored both methods in
isolation, there is a lack of rigorous comparative analysis
focusing specifically on retrieval accuracy under conditions
of high expressive variation in real-time contexts. Further-
more, few studies explicitly compare the performance of
these architectures across both symbolic (MIDI) and acous-
tic (audio) domains, a distinction that is critical for SMIs,
which may rely on either piezoelectric triggers (MIDI-like)
or internal microphones (audio).

This paper addresses this gap by presenting a compre-
hensive comparative study of DTW and RNNs for drum
pattern detection. To ensure the ecological validity of this
evaluation, a specialized dataset comprising 200 distinct
drum patterns was constructed. For each pattern, profes-
sional drummers recorded ten expressive variations, de-
liberately applying artistic expressive techniques including
micro-timing shifts, ghost notes, and dynamic accents. The
resulting dataset comprises a total of 2,000 performance in-
stances, each recorded simultaneously in MIDI and audio,
and serves as the ground truth for this evaluation.

The investigation is structured around two primary exper-
iments: (1) a comparison of DTW and RNN performance
on symbolic MIDI data and (2) a parallel comparison on
raw audio data. By isolating these modalities, the aim is to
disentangle the algorithmic strengths of each method from
the challenges of feature extraction. Experiments covering
pattern sets of one, three, and ten simultaneous patterns
evaluate accuracy, robustness to expressive variation, and
embedded performance on a Raspberry Pi 4. The results of
this study are intended to provide concrete architectural rec-
ommendations for the design of next-generation SMIs, in
particular Smart Drums, identifying the candidate that best
balances the conflicting demands of accuracy, expressivity,
and real-time efficiency.

2 RELATED WORKS

A wide-ranging survey of pattern discovery in music is
presented in [16], covering computational approaches to
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identifying repeated musical patterns. The authors high-
lighted challenges related to method comparison, music
representation, and evaluation against patterns perceived
by human listeners, advocating closer integration of com-
putational and perceptual approaches.

The work in [17] proposed an offline technique for
uncovering repetitive note patterns in polyphonic music
through segmentation-based analysis. Built upon the Struc-
tural Features algorithm, the method detects repeated se-
quences by examining pitch and rhythmic content, yielding
strong results in identifying both exact and approximate
repetitions within complex polyphonic material.

Novel pattern-matching algorithms for symbolically en-
coded polyphonic music were introduced in [18], with a
particular focus on robustness to transposition. The pro-
posed methods outperformed earlier approaches in both ac-
curacy and computational efficiency when applied to com-
plex polyphonic structures.

In [19], overlapping sound events in polyphonic audio
were tackled using non-negative matrix factorization to
construct dictionaries from annotated recordings. The re-
sulting method demonstrated a strong capability to separate
and identify concurrent sound events.

The authors of [11] tackled the problem of locating re-
peated note content directly within polyphonic audio, cir-
cumventing the need for symbolic representations. This
work marked a meaningful step forward in purely audio-
driven approaches to music pattern analysis.

The work of [20] addressed finding repetitions within in-
tricate polyphonic textures, simultaneously accounting for
pitch, rhythm, and timbre, enabling structural analysis of
multivoice polyphonic compositions. The authors of [21]
proposed an adaptive redundancy filtering approach for ex-
tracting motivic patterns from polyphonic music, enabling
the identification of salient musical motifs embedded within
complex multivoice textures.

Collectively, polyphonic audio pattern recognition has
been approached through a diverse range of signal pro-
cessing and machine learning paradigms. However, these
contributions target offline settings (i.e., finding all occur-
rences of a given musical pattern in a musical score or
recording), whereas the present work investigates real-time
detection from a continuous stream.

The authors’ previous studies investigated real-time mu-
sical pattern detection for audio and MIDI, respectively.
The work presented in [22] compared DTW and RNN ap-
proaches for detecting symbolic monophonic patterns from
MIDI, finding that while both methods performed com-
parably for up to one distinct pattern, DTW accuracy de-
graded significantly as the number of patterns increased
to ten, whereas the RNN maintained a detection accuracy
of approximately 98%. Such a work was later extended to
polyphonic audio [23]. It was demonstrated that the RNN
achieved a superior F1-score of 0.76 compared to 0.655
for DTW when detecting a single pattern, with an average
inference latency of 14.69 ms versus 1,038.34 ms for DTW
on an embedded Raspberry Pi 4, confirming its suitability
for real-time deployment in SMIs. However, such studies
did not involve percussive sounds.

Techniques for processing audio in real-time with mini-
mal latency have been advancing steadily, enabling tighter
integration with live musical contexts [24, 25]. Achiev-
ing this typically demands careful algorithmic optimization
alongside dedicated hardware and real-time operating en-
vironments [26, 27]. Such infrastructure is foundational for
SMI development, underpinning use cases from live per-
formance to interactive installations and real-time effects.
However, the specific challenge of embedding real-time
polyphonic pattern detection within an SMI remains largely
unaddressed, along with defining interaction paradigms that
exploit this capability. The present work aims to bridge this
gap.

3 DATASET OF DRUM PATTERNS

A dedicated dataset of expressive drum performances
is essential to evaluate any percussive pattern detection
method. Such a method must be able to recognize pat-
terns not only under ideal, quantized conditions, but also in
realistic performance scenarios where micro-timing devia-
tions, dynamics, and timbral variations are present. Without
a controlled yet expressive corpus, it is impossible to com-
pare traditional alignment-based methods and data-driven
models across symbolic and audio domains, while ensuring
that the accuracy differences are due to algorithmic proper-
ties rather than uncontrolled variability in the input.

A custom dataset was created to facilitate a fair com-
parison between the two methods. The dataset was created
with the contributions of 20 drummers: all Italian males
aged between 18 and 36 (mean age: 26.0, SD: 5.07), at
least 5 years of performing/recording/composing experi-
ence. Each drummer contributed ten unique drum patterns,
yielding 200 distinct drum patterns in total (identifiable
by unique artistID–patternID pairs, such that same pat-
ternID values across different artistIDs are distinct mu-
sical phrases). The patterns represent musically meaning-
ful grooves and motifs, a range of metric structures (e.g.,
straight and swung feels, binary and ternary subdivisions),
stylistic idioms (e.g., rock, funk, Latin-inspired patterns),
and levels of rhythmic density. For each of the 200 pat-
terns, the drummers were asked to record ten deliberate
expressive variations, yielding a total of 2,000 performance
instances. These variations were designed to preserve the
perceptual rhythmic identity while introducing realistic
modifications such as micro-timing shifts (ahead/behind
the beat), dynamic phrasing (accent patterns, ghost notes,
crescendi/decrescendi), and subtle orchestrational changes
within the drum kit (e.g., occasional hi-hat openings or
alternative cymbal choices).

A single electronic drum kit (Yamaha DTX-432k) was
used to record the entire dataset to ensure that deviations
are exclusively due to the drummers and not the equip-
ment. The choice of an electronic drum kit was due to the
ease of obtaining MIDI data. Its silent operation was also
a crucial factor when conducting experiments in labora-
tory conditions, as well as its small footprint and ease of
transportation. The dataset was recorded in both MIDI and
audio. The MIDI input was obtained using the electronic
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drum kit’s MIDI interface, and the mono audio was cap-
tured through a high-fidelity audio interface (MOTU M2)
in 48 kHz, 24-bit to ensure sufficient temporal and spectral
detail for feature extraction.

The dataset follows the same framework as the present
authors’ previous datasets of monophonic MIDI patterns
[22]1 and polyphonic audio patterns [23]2 recorded us-
ing the electric guitar and keyboard. Thus, the file struc-
ture was kept consistent as the previous datasets. Each
file is named artist I D patternI D versionI D.wav and
artist I D patternI D versionI D.mid, where Z rep-
resents a set of integers and artist I D ∈ Z : 40 ≤
artist I D ≤ 59, patternI D ∈ Z : 0 ≤ patternI D ≤ 9,
and versionI D ∈ Z : 0 ≤ versionI D ≤ 9. artistID rep-
resents the musician, patternID represents the different
patterns. versionID represents the versions of the patterns,
where versionID = 0 is the ground truth, and each subse-
quent iteration is a repetition with expressive techniques.
The dataset is publicly available online in two parts.3,4

The dataset was constructed with the sole intent of cap-
turing a large number of expressive variations performed
by multiple musicians. The large number of variations is a
crucial aspect when training deep learning–based solutions.
Each variation was ensured to be perceptually equivalent to
the ground truth. Upon analyzing the dataset, some of the
most common expressive variations were identified:

• Dynamic variations: Ghost notes and accents,
crescendi and diminuendi within a pattern, sudden
velocity changes, cross-stick and rim-shot varia-
tions, and switching between left and right hand.

• Temporal variations: Micro-timing adjustments,
push-pull techniques, subdivision variations, tempo
changes, and single, double, and half-time tech-
niques.

• Embellishments: Variations in drum fills, grace
notes, interchanging toms within a pattern, addition
or removal of notes, and inclusion of drum rolls.

• Stylistic variations: Genre-specific groove changes,
ethnic and cultural rhythm adaptations, and fusion
of different styles.

4 METHODOLOGY

4.1 System Architecture
The proposed system is designed to enable real-time de-

tection of drum patterns directly on an embedded platform
integrated into an electronic drum kit or hybrid acoustic–
electronic setup, resulting in a Smart Drum system. The
embedded computing unit is a Raspberry Pi 4, chosen for
its balance between processing power, energy consump-
tion, and availability of general-purpose input/output and
network interfaces suitable for SMIs. The instrument’s au-

1 https://doi.org/10.5281/zenodo.10818616.
2 https://doi.org/10.5281/zenodo.14497998.
3 DoMP: https://doi.org/10.5281/zenodo.14497974.
4 DoMP2: https://doi.org/10.5281/zenodo.18395007.

Fig. 1. A block diagram of the hardware and software setup of the
system embedded in the musical instruments.

dio and MIDI outputs are split and routed both to the musi-
cian’s signal path (amplifier, audio interface, or PA) and to
the embedded system, ensuring that pattern detection oper-
ates noninvasively on a parallel signal path. Fig. 1 shows a
block diagram of the system architecture.

On the embedded side, the audio is captured through
a HiFiBerry audio interface, while the MIDI is received
directly from the electronic drum kit. The system runs ELK
Audio OS, a low-latency Linux distribution providing a
real-time kernel and optimized audio drivers to keep end-to-
end latency below the latency required for live performance
[28]. The pattern detection logic is encapsulated within a
virtual studio technology plugin that handles audio/MIDI
input, feature extraction, classification, and control message
generation.

For both the DTW and RNN approaches, incoming sig-
nals are processed in overlapping windows. For audio, a
sliding window of a length matching or slightly exceeding
the duration of the target pattern is extracted every 30 ms,
a hop size previously used to match the temporal resolu-
tion of human auditory discrimination [4] and to guarantee
that processing finishes before the next frame arrives. For
MIDI, an analogous symbolic window is maintained via a
rolling buffer of recent events; its length set to accommo-
date the longest drum pattern plus a margin for added notes
introduced by expressive variation, following the strategy
adopted in the present authors’ prior symbolic pattern de-
tection work [22].

Upon detecting a pattern, the embedded system trans-
mits Open Sound Control messages wirelessly via Wi-Fi to
external devices (e.g., lighting controllers, media servers,
and haptic wearables), reusing the same communication
layer previously demonstrated for smart electric guitar and
keyboard prototypes. This architecture supports concurrent
deployment of both DTW and RNN pipelines during eval-
uation, with shared feature extraction but separate decision
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blocks, and is directly aligned with earlier SMI designs that
were successfully deployed and tested in live contexts [29].

4.2 Dynamic Time Warping
DTW is employed as a traditional benchmark for mea-

suring similarity between an incoming performance and
stored reference patterns [30]. DTW computes an optimal
alignment path between two temporal sequences that may
differ in length and local speed, yielding a distance measure
that is robust to tempo fluctuations and small timing devia-
tions. This property makes DTW conceptually well suited
for drum pattern detection, where expressive micro-timing
and slight structural variations occur between repetitions.
However, DTW’s quadratic complexity in sequence length
and its dependence on carefully chosen feature representa-
tions impose practical constraints for real-time deployment
on embedded devices.

4.2.1 MIDI-Based Dynamic Time Warping
For MIDI-based DTW, the method extends the symbolic

monophonic representation developed in prior work on gui-
tar and keyboard patterns to the drum domain, adapting it
to percussion-specific event types. The MIDI stream from
the drum kit is first parsed into a sequence of events, where
each event corresponds to a note onset (drum hit) or a rest,
with associated attributes such as MIDI pitch (drum in-
strument), onset time, and duration. Velocity is excluded
from the similarity computation, as earlier analyses on ex-
pressive monophonic datasets showed that velocity varies
substantially even between repetitions of the same pattern
and degrades DTW-based similarity when included [22].

Each drum pattern is encoded as a two-dimensional se-
quence with one dimension representing pitch and the other
representing note durations, forming a pitch–duration ma-
trix analogous to that used in symbolic monophonic pattern
detection. To accommodate expressive variations—such as
added ghost notes or omitted hits—the DTW window size
is chosen to be approximately 20%–25% longer than the
nominal pattern length, following the empirically derived
margin used in previous work where musicians frequently
added up to approximately one quarter of the pattern’s note
count as extras [22]. During online operation, a rolling
MIDI window is maintained, converted to this matrix rep-
resentation, and compared against each stored pattern.

A multidimensional DTW is then computed between the
pitch–duration matrix of the incoming window and that of
each reference pattern. As in earlier work, a merged-path
strategy is adopted: separate one-dimensional DTWs are
computed for pitch and duration, and their distances are
combined via a weighted sum, allowing pitch to contribute
more strongly to the final score than duration, in line with
empirical findings that pitch is more decisive for perceived
pattern identity [31]. The Euclidean distance is used as
the base local distance metric between corresponding fea-
ture vectors. For each pattern, a pattern-specific detection
threshold is obtained from a held-out validation set of drum
recordings by maximizing the F1-score using a Youden-
type optimization procedure [32], mirroring the threshold

calibration procedure used for polyphonic audio pattern de-
tection on guitar and keyboard. At runtime, if the DTW dis-
tance between the current window and a reference pattern
falls below the learned threshold, a detection is triggered
and the corresponding Open Sound Control message is sent.

4.2.2 Audio-Based Dynamic Time Warping
For audio-based DTW, the system follows the polyphonic

audio methodology previously developed for smart guitar
and keyboard, adapted to mono drum recordings. The drum
audio is first segmented into sliding windows of a length
corresponding to the nominal pattern duration, extracted ev-
ery 30 ms. For each window, Mel frequency cepstral coef-
ficients (MFCCs) are computed using an FFT size of 2,048
samples and a hop size of 512 samples, producing overlap-
ping spectral frames that capture both rhythmic and timbral
characteristics of the drum performance while maintaining
a compact representation suitable for embedded computa-
tion. A fixed number of MFCC coefficients (e.g., ten per
frame) is retained, consistent with previous experiments
[23] where this configuration offered a good compromise
between accuracy and speed on the Raspberry Pi 4.

Each window is therefore represented as a 2D MFCC
spectrogram (time frames × coefficients). Multidimen-
sional DTW is applied between this spectrogram and the
stored MFCC spectrograms of each ground-truth drum pat-
tern, effectively aligning time–frequency representations.
As in the MIDI case, DTW distances are computed for
each pattern, and pattern-specific thresholds are estimated
using a subset of recorded drum variations, ensuring that
the method tolerates realistic changes in timing and dy-
namics while still discriminating between distinct patterns.
The same hop size and windowing strategy are used during
evaluation as in the guitar/keyboard audio system to allow
direct comparison of latency and computational load.

4.3 Recurrent Neural Network
RNNs are employed as the deep learning–based alterna-

tive to DTW, building on prior work where stacked RNN
architectures (combining SimpleRNN, LSTM, and GRU
layers) achieved state-of-the-art performance for real-time
pattern detection on symbolic monophonic MIDI and poly-
phonic audio. RNNs are well suited for sequential data
because they are able to model long-term temporal de-
pendencies and nonlinear relationships, which are crucial
for capturing expressive drum performance characteristics
such as groove, timing deviations, and dynamic accents. In
earlier SMI applications, such architectures showed both
high accuracy and low inference latency (the time required
to compute a single forward pass through the network for
one analysis window) when deployed on a Raspberry Pi
4, making them strong candidates for real-time embedded
drum pattern detection.

4.3.1 MIDI-Based Recurrent Neural Network
For the MIDI-based RNN, the input representation ex-

tends the discrete-time encoding used for guitar and key-
board to percussive MIDI streams. The incoming MIDI

J. Audio Eng. Soc., Vol. 74, No. 11, 2026 Nov. 789



SILVA AND TURCHET PAPERS

Fig. 2. Stacked RNN architecture for drum pattern detection. A masking layer is followed by LSTM (256 units), GRU (128 units), and
SimpleRNN (256 units) layers, culminating in a dense softmax output over N pattern classes plus no-pattern. The architecture is shared
across MIDI or audio conditions.

events (drum hits and rests) are sampled at fixed 30 ms
intervals, producing a time series in which each time step
encodes the state of the drum kit at that instant. At each sam-
ple, the representation comprises a pitch-like index encod-
ing the active drum instrument and temporal information
such as interonset intervals embedded implicitly through
the sampling grid. As in the previous symbolic study, ve-
locity is excluded due to its high variability across repe-
titions and its negative impact on learning stable pattern
embeddings.

To enable RNN training, each ground-truth drum pattern
is resampled into this discrete time-series format, yielding
sequences of a length dependent on pattern duration and 30
ms hop size. Since training requires fixed-size sequences,
all pattern sequences are zero-padded to match the longest
pattern in the training set, and a masking layer in the net-
work is used to ignore padded time steps during learning.
The masking layer is used solely to standardize sequence
length, such that the recurrent layers treat them as absent
rather than as zero-valued inputs. The RNN is trained as a
sequence classifier with one output class per drum pattern
plus an additional no-pattern class for background activity,
mirroring the multiclass setup used previously for groups
of monophonic patterns [31].

As in the guitar/keyboard study, the training corpus is
augmented synthetically using a rule-based model of ex-
pressive variation. The rules are adapted from the mono-
phonic symbolic work and extended to percussive patterns,
incorporating operations such as adding or removing drum
hits, altering interonset timing within bounds, inserting
ghost notes, and making small structural changes while pre-
serving perceptual pattern identity. These rules are derived
from empirical analyses of expressive variations in previous
datasets [22, 23], where typical ranges for added/removed
notes, timing deviations, and additional pauses were quan-
tified. For each drum pattern, a large number (on the order
of several thousand) of synthetic variations are generated,
producing a training corpus that reflects the range of expres-
sivity expected in live drumming while limiting the burden
on musicians to record many repetitions.

The RNN architecture follows the stacked configura-
tion previously validated on symbolic monophonic data:
a masking layer, followed by a long short-term memory
(LSTM) layer [14] (256 units), a gated recurrent unit (GRU)
layer [15] (128 units), and a simple recurrent network (Sim-
pleRNN) layer (256 units), culminating in a dense output

layer with a softmax activation over the pattern classes
plus no-pattern (see Fig. 2). LSTM uses gated memory
cells to capture long-range dependencies while mitigating
the vanishing gradient problem [14]; GRU is a computa-
tionally lighter variant that merges forget and input gates
into a single update gate [15]; SimpleRNN applies a sin-
gle nonlinear transformation of the concatenated input and
previous hidden state. Softmax normalizes the output log-
its into a probability distribution summing to one, such
that each entry represents the model’s confidence that the
current window contains the corresponding pattern. The
model is trained using cross-entropy loss and an Adam op-
timizer [33], which adapts the per-parameter learning rate
using first and second-order gradient moment estimates,
with early stopping based on validation F1-score to prevent
overfitting. This configuration is chosen because earlier
experiments [22, 23] showed a good trade-off between ac-
curacy and complexity when deployed on embedded hard-
ware.

4.3.2 Audio-Based Recurrent Neural Network
For the audio-based RNN, the input representation is

aligned with the polyphonic audio methodology for smart
guitar and keyboard, now applied to drum recordings. The
incoming audio stream is segmented into sliding windows
extracted every 30 ms, identical to the DTW pipeline. For
each window, MFCCs are computed with an FFT size of
2,048 and a hop size of 512, producing a sequence of
MFCC frames over the pattern’s duration. Each frame con-
tains a fixed number of coefficients (e.g., ten), yielding a
time × features matrix per window.

Before training, all MFCC sequences are zero-padded to
a uniform temporal length equal to the longest drum pattern
in the dataset, and a masking layer is used to exclude padded
frames. The stacked RNN architecture (Masking → LSTM
→ GRU → SimpleRNN → Dense) is reused, taking MFCC
sequences as input and outputting class probabilities over
the drum patterns plus “no-pattern.” The same synthetic-
variation strategy used for MIDI is applied at the feature
level: rule-based transformations are directly applied to the
MFCC spectrograms of each ground-truth drum pattern to
generate a large synthetic training corpus, using operations
such as temporal stretching/compression, amplitude scal-
ing, frame duplication/removal, and additive noise, as in
the audio-based system developed for guitar and keyboard.
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Fig. 3. Precision, recall, and F1-score (mean ± 1 SD) for DTW and RNN across MIDI and audio modalities at pattern set sizes of one,
three, and ten.

This approach avoids the need to synthesize new audio and
instead produces feature-space variations that mimic plau-
sible expressive changes observed in the recorded dataset.

5 EVALUATION

Experiments were structured to mirror the evaluation pro-
tocols from the authors’ prior symbolic and audio studies
to the drum context, covering pattern sets of one, three, and
ten. For each condition, independent DTW and RNN mod-
els were configured for the MIDI and audio modalities. For
DTW, each drum pattern’s ground-truth sequence served
as the reference, and its nine expressive variations were
treated as positive examples, while all other patterns and
their variations served as negatives. Each incoming MIDI
sequence window is compared via DTW to all reference
drum patterns; a detection is considered correct if the mini-
mal distance falls below the corresponding pattern’s thresh-
old and the predicted pattern ID matches the ground truth.
For the RNN, models were trained exclusively on synthetic
variations of the ground-truth patterns (MIDI or MFCCs)
and evaluated on real drum performances from the recorded
dataset, ensuring that test data reflects realistic expressive
variation rather than synthetic transformations. For each
sliding window, the RNN outputs a probability distribution
over classes; a pattern is considered detected if its predicted
probability exceeds a fixed threshold and the most probable
class corresponds to the true pattern ID within the window.
As with DTW, this threshold is determined on the same
held-out validation set, selecting the value that maximizes
F1-score.

Detection performance is quantified using standard eval-
uation metrics—precision, recall, and F1-score. Precision
measures the proportion of triggered detections that cor-
respond to a true pattern occurrence; recall measures the
proportion of true pattern occurrences that are detected;
and the F1-score, defined as F1 = 2 · P·R

P+R , is their har-
monic mean, ranging from 0 (worst) to 1 (best). All metrics
are computed across all drum patterns and variations, with
mean and SD reported across pattern groups. Embedded
performance (detection time, CPU usage, and RAM usage)
is measured on the Raspberry Pi 4 under ELK Audio OS,
following the protocol from prior embedded evaluations
[23].

6 RESULTS

Across all 200 drum patterns and their expressive vari-
ations, both DTW and RNN achieved reliable detection of
repeated patterns in MIDI and audio, but with markedly
different error profiles. Tables 1, 2, and 3 report precision,
recall, and F1-score for pattern sets of one, three, and ten
patterns, respectively. Fig. 3 reports all results (mean ± SD
across pattern groups). Table 4 reports average computa-
tional performance on the Raspberry Pi 4.

In the audio domain, the RNN achieved a higher F1-
score than DTW across all conditions, in line with previous
polyphonic pattern detection experiments [24]. For drum
audio, DTW achieved higher precision in only a few cases,
indicating fewer false positives when a detection occurred,
whereas the RNN showed higher recall in a majority of
the conditions, capturing a larger proportion of true pat-

Table 1. Comparison of RNN and DTW methods in detecting a
single pattern.

Precision Recall F1 Score

DTW—MIDI 0.757 0.713 0.734
DTW—Audio 0.747 0.786 0.766
RNN—MIDI 0.781 0.773 0.777
RNN—Audio 0.767 0.840 0.802

Table 2. Comparison of RNN and DTW methods in detecting
three patterns.

Precision Recall F1 Score

DTW—MIDI 0.741 0.695 0.717
DTW—Audio 0.701 0.744 0.722
RNN—MIDI 0.714 0.765 0.739
RNN—Audio 0.719 0.804 0.759

Table 3. Comparison of RNN and DTW methods in detecting
ten patterns.

Precision Recall F1 Score

DTW—MIDI 0.672 0.604 0.636
DTW—Audio 0.650 0.629 0.639
RNN—MIDI 0.691 0.722 0.706
RNN—Audio 0.702 0.758 0.729
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Table 4. Average pattern detection time, CPU usage, and RAM
usage on Raspberry Pi 4 for MIDI and audio conditions.

MIDI Audio

RNN DTW RNN DTW

Detection time (ms) 15.76 365.6 21.43 1132.2
CPU usage (%) 35.5 42.86 34.6 46.8
RAM usage (MB) 489.23 345.67 532.76 243.64

tern occurrences but with more occasional confusions be-
tween rhythmically similar patterns. This trade-off matches
earlier observations on guitar and keyboard, where DTW’s
strict template matching favored precision, while the RNN’s
learned invariances favored recall under expressive varia-
tion.

In the MIDI domain, the RNN similarly outperformed
DTW in F1-score across all conditions. The advantage
grew with pattern count: at one pattern, the RNN-DTW
F1 gap was approximately 0.04 (MIDI) and 0.04 (audio);
at ten patterns, this gap widened to approximately 0.07
(MIDI) and 0.09 (audio). This replicates the finding from
the symbolic monophonic study [23] in which DTW de-
graded significantly beyond three to five patterns while the
RNN maintained high accuracy. The SD of DTW’s F1-score
widened substantially from one to ten patterns (MIDI: 0.071
to 0.109; audio: 0.076 to 0.115), indicating increasing in-
consistency across different pattern groups. The RNN’s SD
grew more modestly (MIDI: 0.057 to 0.080; audio: 0.049 to
0.070), confirming greater reliability across diverse pattern
sets.

The experiment confirmed that expressive performance
challenges both methods differently. As in the guitar and
keyboard datasets, drummers introduced timing deviations,
added or removed hits, ghost notes, and dynamic accents
that preserved perceptual pattern identity while break-
ing strict one-to-one correspondence. DTW’s accuracy re-
mained relatively stable with respect to pattern length, re-
flecting earlier observations that alignment-based matching
is largely insensitive to sequence length within the tested
range, provided that thresholds are well calibrated. In con-
trast, the RNN’s performance exhibited a mild decline for
the longest drum patterns, paralleling the prior polyphonic
audio study [24] where longer patterns introduced more op-
portunities for variation and accumulated prediction errors.

Despite this, the RNN showed superior robustness to ex-
pressive variation overall. In these drum experiments, as
in the monophonic symbolic study [23], DTW distances
increased markedly for variations with added or removed
events, producing false negatives unless thresholds were re-
laxed, which then led to more cross-pattern confusions. The
RNN, trained on synthetic variations derived from rules cal-
ibrated on previous pattern datasets, generalized better to
the drummers’ expressive changes, yielding higher recall
and more consistent performance across musicians. This
confirms that the rule-based augmentation strategy origi-
nally designed for melodic keyboard and guitar patterns
also transfers effectively to rhythmic drum material.

For the audio domain specifically, the MFCC-based rep-
resentation implicitly encodes dynamics: louder playing
shifts the spectral content, so timbral changes due to play-
ing intensity are captured in the feature representation and
handled by both methods. In the MIDI domain, velocity
was explicitly excluded from the feature representation, so
both DTW and RNN operate purely on pitch and timing
information; the robustness observed in the MIDI experi-
ments therefore reflects tolerance to timing and structural
variation rather than dynamic variation.

As shown by Table 4, average computational perfor-
mance was assessed on a Raspberry Pi 4 to evaluate the
suitability of both methods for embedded real-time drum
pattern detection, following the same measurement pro-
tocol adopted in previous smart instrument studies [24].
Consistent with earlier results on guitar and keyboard, the
RNN-based approach achieved inference times on the or-
der of a few tens of milliseconds per analysis window,
well below the 30-ms hop size used for streaming oper-
ation, whereas the DTW-based approach exhibited laten-
cies that were one to two orders of magnitude higher due
to its quadratic complexity in sequence length. This dif-
ference in latency was mirrored in CPU usage: the RNN
required only a moderate share of the available processing
resources, enabling continuous real-time operation along-
side the audio stack, while DTW consumed substantially
more CPU, making it difficult to guarantee stable perfor-
mance under live conditions. Memory consumption showed
the opposite trend, with DTW requiring less RAM than the
RNN due to its need to store model weights and recur-
rent states, but the observed RAM footprint of the RNN
remained within acceptable limits for the target embedded
platform.

7 DISCUSSION

The results confirm that both DTW and RNN-based ap-
proaches can be used to detect expressive drum patterns, yet
they exhibit markedly different performance characteristics
in terms of accuracy, robustness, and embedded feasibility.
The central finding is that while the two methods achieve
comparable F1-scores at small pattern set sizes (one to three
patterns), the gap widens substantially at ten patterns, and
the computational cost difference makes RNN the feasible
option for real-time embedded deployment regardless of
pattern set size.

From an accuracy standpoint, the drum experiments re-
produce the trade off previously observed in polyphonic
audio pattern detection [24]: DTW tends to yield higher
precision but lower recall in some limited cases, while the
RNN maintains a higher overall F1-score. This behavior
can be attributed to the fundamental nature of the two ap-
proaches. DTW relies on direct distance computations be-
tween the incoming sequence and stored templates, making
it sensitive to added or removed events and to certain types
of timing deformation, even when these remain percep-
tually consistent with the underlying pattern. The RNN,
trained on a large synthetic corpus of variations derived
from rules calibrated on data, adapts to tolerate typical ex-
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pressive changes without requiring explicit modeling of all
possible deviations. This is particularly evident for longer
drum patterns, where DTW’s performance remains stable
but the RNN’s accuracy exhibits only a moderate decrease,
despite the greater opportunity for expressive divergence
across the pattern’s duration.

The comparison between symbolic and audio domains
shows the continued advantage of working in the MIDI do-
main when reliable symbolic information is available but
also highlights the strengths of the RNN approach in han-
dling audio directly. For MIDI, both methods achieve higher
precision than in the audio case, reflecting on the absence of
timbral variability and recording artifacts. However, consis-
tent with previous monophonic results, the RNN maintains
high detection accuracy even as the number of patterns in
the model increases, whereas DTW degrades as each addi-
tional pattern introduces another full distance computation
and a potential source of confusion.

In the audio domain, the RNN still provides a clear advan-
tage by operating on MFCC-based representations and be-
ing trained on spectrogram-level synthetic variations. The
RNN shows a high tolerance to differences in drum hits,
dynamics, micro timing variations, and playing intensity,
mirroring the behavior reported for polyphonic guitar and
keyboard recordings. DTW remains competitive for small
pattern sets and short windows but is more affected by tim-
bral variations and background noise, which push distances
beyond detection thresholds unless those thresholds are re-
laxed in ways that increase false positives.

A primary objective of this research was to assess the
suitability of each method for deployment in embedded en-
vironments. In this regard, the RNN-based approach clearly
emerges as the more favorable solution. The average infer-
ence time remains well below the 30-ms threshold. DTW,
on the other hand, exhibits computation times that are one
to two orders of magnitude higher under comparable con-
ditions, due to the quadratic growth of its distance matrix
with sequence length and the need to compare each win-
dow against all stored patterns. As a result, DTW cannot
feasibly operate at the same window rate on the embedded
platform without either drastically reducing the pattern set
or compromising latency requirements.

The resource usage further clarifies these trade-offs. The
RNN consistently requires less CPU during classification,
thereby reducing the risk of audio glitches or dropped
frames and making it more attractive for integration into
SMIs that must share processing resources between syn-
thesis, effects, and networking. DTW retains an advantage
in RAM usage, thanks to its relatively small memory foot-
print compared to the need to store model weights and
recurrent states for the RNN. However, given the available
memory on contemporary embedded boards and the mod-
est size of the models required for practical pattern sets,
this difference is unlikely to be a limiting factor in typical
SMI scenarios.

Taken together, these observations suggest that while
DTW remains valuable as an analytical and baseline tool,
the RNN-based method offers a more promising solution
for real-time drum pattern detection in SMIs, especially

when considering the combined requirements of accuracy,
robustness, latency, and computational efficiency.

8 CONCLUSION

This work presented a systematic comparison between
a DTW-based benchmark and an RNN-based method for
real-time detection of expressive drum patterns in both
MIDI and audio domains. The study extends previous ef-
forts on guitar and keyboard by introducing a dedicated
drum dataset comprising 200 patterns, each with ten ex-
pressive variations, and by evaluating both methods across
symbolic and audio signal representations for pattern sets of
one, three, and ten simultaneous patterns under conditions
that emulate live performance. The comparison between
the two modalities showed that MIDI consistently provides
higher detection accuracy than audio, reflecting the absence
of timbral variability and recording artifacts. Nevertheless,
the RNN maintained robust performance in both domains,
demonstrating that accurate pattern recognition is also fea-
sible directly from audio signals.

The results demonstrate that although DTW remains a
useful reference, the RNN-based approach provides supe-
rior overall performance with a faster detection time for the
targeted application. Specifically, the RNN achieves higher
F1-scores by combining a high recall with adequate preci-
sion, exhibits greater robustness to expressive timing and
dynamic variation, and satisfies the strict latency and CPU
constraints associated with embedded real-time operation.
The advantage of the RNN over DTW was consistently ob-
served in both MIDI and audio domains and became more
pronounced as the number of simultaneously recognized
patterns increased.

These findings support the adoption of RNN-based clas-
sifiers as the primary pattern recognition engine for real-
time applications in next-generation smart drum instru-
ments. When symbolic information is available, MIDI re-
mains the preferred representation owing to its higher de-
tection accuracy. However, the strong results obtained di-
rectly from audio indicate that the proposed approach is
also well suited to acoustic or hybrid drum setups where
MIDI is unavailable or impractical. Beyond Smart Drums,
the proposed approach is equally applicable to DAW plug-
ins, live lighting/show control, education and practice tools,
and other New Interfaces for Musical Expression, Interna-
tional Society for Music Information Retrieval, and Sound
and Music Computing–adjacent applications that rely on
live pattern detection as a control modality.

Various avenues for future work emerge from the present
study. First, while the rule-based synthetic augmentation
is effective in capturing a broad range of expressive vari-
ations, further refinements could be explored, including
data-driven augmentation schemes or adversarial training
paradigms that better model rare or idiosyncratic perfor-
mance behaviors. Second, the current evaluation focuses on
within-instrument, within-drummer conditions. Extending
the experiments to cross-drummer and cross-kit scenarios
would offer insights into the models’ ability to generalize
across playing styles and instrument configurations. Third,
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integrating the proposed drum pattern detection system into
full SMI prototypes opens up opportunities for user stud-
ies that investigate how drummers would use pattern-based
control in practice.
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