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Abstract

This study examines the performance of a collection of spectral audio features, including
RMS Energy, Zero Crossing Rate (ZCR), and Spectral Centroid, for musical instrument
classification by using the Random Forest and XGBoost classifiers. These machine
learning algorithms demonstrate enhanced precision in complex classification scenarios
and improve the ability to discriminate among highly correlated instrument classes.
Machine learning approaches were employed in this study due to being explainable,
computationally efficient, and suitable when deep learning is not feasible under the
constraints of hardware or data. As part of the experimental setup, the audio features
were obtained from the Philharmonia dataset, which includes 20 instrument classes.
Seven different configurations were evaluated, including each feature set individually, as
well as their pairwise and triplet combinations. The highest performance in terms of
accuracy was obtained when all attributes were utilized: 0.91 with Random Forest and
0.93 with XGBoost. These machine learning algorithms were particularly well adapted
to distinguish acoustic differences in music. Confusion matrix analysis indicated that both
models worked best for instruments with clear acoustic characteristics, such as guitar
and banjo. The findings suggested that the combination of multiple complementary
features improves the classification performance of musical instruments.
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Makine 6grenmesi ile miizik enstriiman siniflandirmasi i¢in bir
coklu-6znitelik yaklagimi

Oz

Bu ¢alisma, RMS Energy, Zero Crossing Rate (ZCR) ve Spectral Centroid gibi spektral
ses ozniteliklerinin, Random Forest ve XGBoost algoritmalart kullanilarak miizik aleti
smiflandirmasindaki performansini incelemektedir. Bu makine 6grenmesi algoritmalari,
karmagsik siniflandirma senaryolarinda artiridmis dogruluk saglama ve yiiksek
korelasyonlu enstriiman siniflari arasinda ayrim yapabilme yetenegine sahiptir. Bu
calismada makine 6grenmesi yaklagimlar: agiklanabilir ve hesaplama agisindan verimli
olmalari ve derin 6grenmenin donanim veya veri kisitlamalari nedeniyle uygulanamadigi
durumlarda kullamisli olmalar: sebebiyle tercih edilmistir. Deneysel ¢alismada, ses
oznitelikleri 20 enstriiman sinifini iceren Philharmonia veri setinden elde edilmistir. Her
oznitelik seti tek basina ve ikili ile ii¢lii kombinasyonlar: da dahil olmak iizere toplam yedi
farkl konfigiirasyon degerlendirilmistir. Dogruluk agisindan en yiiksek performans, tiim
oznitelikler bir arada kullanildiginda elde edilmis olup Random Forest igin 0,91 ve
XGBoost i¢in 0,93 'tiir. Bu makine 6grenmesi algoritmalari, miizikteki akustik farkliliklar
ayirt etmede ozellikle basarili olmugstur. Karisiklik matrisi analizi, her iki modelin gitar
ve banjo gibi belirgin akustik ozelliklere sahip enstriimanlarda en iyi performansi
gosterdigini  ortaya koymustur. Bulgular, birden fazla tamamlayici ozelligin
kombinasyonunun miizik aleti siniflandirma performansint artirdigini géstermistir.

Anahtar kelimeler: MIR, enstriiman siniflandirma, makine 6grenmesi, 6znitelik
ctkarimu.

1. Introduction

Automatic musical instrument identification has become an increasingly key area of
interest in music information retrieval (MIR) and machine learning as well [1]. With the
amount of digital audio content growing every day, automatic musical instrument
identification from audio recordings becomes important for music recommendation,
audio indexing, and content-based retrieval [2]. Traditional approaches have been largely
driven by signal processing techniques that are domain specific, but recent development
in machine learning has enabled better classification with very large and diverse sets of
features.

Spectral audio features such as Root Mean Square (RMS) Energy, Zero Crossing Rate
(ZCR), and Spectral Centroid are commonly used in audio signal processing due to their
capabilities to detect dominant features of timbre and dynamics [3]. These features, while
individually informative, provide improved performance when combined into multi-
dimensional representations that reflect complementary aspects of the audio signals.
However, the variability in audio sample lengths poses a significant challenge for
traditional machine learning models that require inputs of fixed size [4]. This issue is
commonly addressed using preprocessing techniques such as zero padding, where shorter
samples are extended with zeros, or truncation, where longer samples are cut to a
predefined length, in order to ensure uniform feature dimensionality across all inputs [5].
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We use the Philharmonia dataset, an ensemble of high-quality, isolated recordings, and
manually extract RMS Energy, ZCR, and Spectral Centroid features from each sample.

We explore in this paper the performance of Random Forest and XGBoost machine
learning models on instrument classification from spectral audio features. The
classification performance of each model is evaluated on separate sets of features as well
as on combined sets in order to measure the contribution of each feature to model
accuracy. Through the union of lightweight audio features with traditional machine
learning classifiers, this study aims to demonstrate the promise of explainable low-
complexity models for musical instrument recognition. The results provide the foundation
for further research in cost-effective MIR systems capable of performing well even when
computational power is limited.

The remaining part of this article is structured as follows. The Related Works section
provides an overview of the current literature in the research field. Then, the Material and
Methods section provides the dataset, feature extraction techniques, and machine learning
models utilized in this study. The results are presented and evaluated in the Results and
Discussion section. The Conclusion section finally provides an overview of the study with
recommendations for further research.

2. Related works

Machine learning models have been successfully used in instrument identification tasks,
as demonstrated by studies presented in this section. It is important to note that these
studies focus on the same dataset as the one used in this study, namely the Philharmonia.

Toghiani-Rizi and Windmark (2017) used an Artificial Neural Network (ANN) trained
with audio samples transformed to the frequency domain [6]. To verify the informative
potential of the provided data, the authors experimented with a set of features from both
the temporal and frequency domains. Their experimental results registered an accuracy
0f 93.5%, which verifies that ANN can recognize complex audio patterns when different
features are used.

Uruthiran and Ranathunga (2019) derived many features from the time and frequency
domains (Spectral Centroid, Root Mean Square, Zero Crossing Rate, MFCC, etc.) to train
the Decision Trees, K-Nearest Neighbors (KNN), and Support Vector Machine (SVM)
classifiers [7]. Of these classifiers, the SVM had the maximum mean accuracy of 93.37%,
which indicates its competence to handle mixed feature sets in instrument classification
tasks.

In the study by Tu and Li (2023), Multi-Layer Perceptron (MLP) and Support Vector
Machine (SVM) models were used for the classification of isolated orchestral notes [8].
The findings indicated that MLP outperformed SVM, with 87% accuracy rate. Based on
the observation, it can be said that MLP performs optimally when dealing with isolated
audio samples.

Also, Su (2023) conducted a comparative analysis of six models for instrument
classification including K-Nearest Neighbors (KNN), Support Vector Machine (SVM),
Gaussian Mixture Modeling (GMM), Artificial Neural Networks (ANN), Convolutional
Neural Networks (CNN), and Recurrent Neural Networks (RNN) [9]. CNN deep learning
model achieved the maximum accuracy of 96.82%. Among the machine learning models,
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KNN, SVM, and GMM achieved accuracies of 93.34%, 73.35%, and 64.85%,
respectively. In addition, SVM achieved the best computational time of 0.53 seconds.
These results indicate an imbalance between classification accuracy and processing time
across model types.

In addition, Bhagyalakshmi and Anandaraju (2025) proposed a KNN model utilizing
optimized and tuned MFCC features and compared it with the SVM [10]. It was identified
that, the SVM achieved 90% instrument classification accuracy, whereas the proposed
method utilizing KNN had better accuracy at 94%. The findings demonstrate the
effectiveness of using MFCC features coupled with KNN for high classification
performance.

3. Material and method

3.1.Dataset

Several well-known datasets are used in musical instrument recognition, including
NSynth, IRMAS, MusicNet, RWC, Good-Sounds, MedleyDB, and Philharmonia.
NSynth is synthetic-audio centered and thus particularly appropriate for research where
generated or test sounds are of interest. IRMAS (Instrument Recognition in Musical
Audio Signals) is a widely used dataset which has 11 classes of instruments [11].
MusicNet provides a diverse collection of classical music excerpts with rich contextual
information for analysis. The RWC database contributes recordings of many musical
genres of high audio fidelity, while Good-sounds excels at studio-quality recordings of
solo instruments. MedleyDB consists of royalty-free, annotated multitrack recordings
[12]. The Philharmonia dataset, developed by the London Philharmonic Orchestra,
contains high-quality orchestral instrument recordings [13]. These were recorded in
collaboration with professional sound engineers and musicians to ensure fidelity and
consistency.

The Philharmonia dataset is employed by this study for instrument identification because
of several advantages. It includes a wide variety of orchestral instruments, allowing
identification of 20 instrument classes with their sample counts listed in Table 1. The
dataset has 13,681 samples, making it feasible to train effectively, resist overfitting, and
support generalization. There is an imbalance in sample counts across instruments,
ranging from 74 (banjo) to 1502 (violin). However, its good sound quality facilitates the
extraction of precise acoustic features, thus providing better classification accuracy. In
addition, the Philharmonia project is enhanced by continued community interaction,
which serves to keep the dataset in high quality. It also promotes reproducibility and
stimulates ongoing research by being open-access.
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Table 1. Number of samples per instrument class in the Philharmonia dataset.

Instrument class | Sample count
banjo 74
bass clarinet 944
bassoon 720
cello 889
clarinet 846
contrabassoon 710
cor anglais 691
double bass 852
flute 878
french horn 652
guitar 106
mandolin 80
oboe 596
percussion 148
saxophone 732
trombone 831
trumpet 485
tuba 972
viola 973
violin 1502
Total: 13.681

3.2. Spectral feature extraction

To facilitate the classification of musical instruments, this study employs spectral features
known for their effectiveness in representing timbral and dynamic properties of audio
signals. These features represent the frequency content of audio signals. One-dimensional
(1D) features typically consist of feature vectors extracted from the audio, while two-
dimensional (2D) features are time-frequency representations such as Mel spectrograms
or Constant-Q transforms (CQT). Three types of 1D features are extracted in this study:
Root Mean Square energy, Zero Crossing Rate, and Spectral Centroid. RMS Energy is
used to describe the amplitude envelope and subjective loudness of the signal, ZCR is a
measurement of the rate of sign change of the signal, i.e., how noisy or edgy the signal is,
and Spectral Centroid is the "center of mass" of the spectrum, typically associated with
the high-frequency content of the sound [14].

Feature extraction is performed using the LibROSA library, a widely used Python
package for audio analysis [15]. The features are extracted from the Philharmonia dataset.
Audio files in the dataset are first loaded at their natural sampling rate [16]. Every
recording is then processed further to get frame-wise RMS Energy, ZCR, and Spectral
Centroid, which generates time-dependent feature matrices.

The RMS Energy for a given frame is defined as:

RMS(n) =

(M
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where x(n) is the audio signal and N is the frame length.

The Zero Crossing Rate measures the rate at which the signal changes sign:

N
1
ZCR(n) = IN Z [sgn(z(n + 1)) — sgn(z(n +i — 1))|
i=1

()
The sign function sgn(x) is defined as:
(z) 1 ifr >0
Ssgn(xr) =
& 1 ifz <0
3)
The Spectral Centroid represents the center of mass of the spectrum:
K-1
S fir- [ X(n,B)
Centroid(n) = k:;:,il
> | X(n, k)|
@

where f is the frequency of the k-th bin, |X(n, k)| is the magnitude spectrum at frame n
and K is the total number of frequency bins.

In order to provide a uniform representation for all features, only the common part of the
feature sequence is retained by trimming them down to the shortest number of frames of
the utilized features. Each feature vector was resized to a fixed length of 100 to ensure
uniformity across all samples. It makes temporal matching and subsequent fusions
possible. The extracted features are saved in compressed .npz format to preserve their
variable-length sequences. Three feature types (RMS Energy, ZCR, and Spectral
Centroid) are saved separately as individual arrays, and the related instrument labels are
saved in a .npy file [17]. All files in the dataset are imported in this pre-processing stage,
where one sample from every audio recording is saved along with its related label. This
feature extraction technique promises to effectively capture both energy-based and
spectral characteristics of instrument sounds, resulting in a concise yet informative
representation for subsequent classification.

3.3. Machine learning algorithms

Machine learning is a branch of artificial intelligence that enables computers to learn from
data patterns and predict or decide without being explicitly programmed [18]. Many types
of machine learning algorithms are used in different tasks, and successful results are
obtained. In this study, Random Forest and XGBoost classifiers were preferred due to
their ability to effectively handle high-dimensional feature sets and their widespread use
in various machine learning tasks [19]. In initial experiments, other machine learning
models such as Support Vector Machine (SVM), Decision Trees, and K-Nearest
Neighbors (KNN) have also been tested. However, we decided to continue the
experiments with the most successful machine learning models and reported their
findings.

304



BAUN Fen Bil. Enst. Dergisi, 28(1), 299-312, (2026)

3.3.1. Random forest

Random Forest is an ensemble learning method that builds multiple decision trees during
training and produces the final output by taking the majority vote of the classes in
classification tasks or the average of the predictions in regression tasks [20]. In training
each tree, a bootstrap sample (i.e., randomly selected sample with replacement) of the
training dataset is used, and during tree building, only a random subset of features is
employed to consider for splitting at each node [21]. This randomness increases model
diversity and reduces variance, resulting in improved generalization.

Let h:(x) denote the prediction of the -th decision tree in the ensemble for a given input
x,wheret =1, 2,..., T, and T is the total number of trees. In classification tasks, the
final output y is determined by majority voting among the individual tree predictions:

j = mode ({h(e)}) 5

Here, mode() denotes the statistical mode, which refers to the class label that appears
most frequently among the predictions of all decision trees in the ensemble.

Random Forest is a noise-resistant, non-parametric algorithm that can handle missing
values and is less prone to overfitting [22]. It is particularly suitable for cases where model
interpretability is less of a concern compared to predictive performance.

3.3.2. XGBoost

XGBoost is an efficiency-oriented version of Gradient Boosting algorithms [23]. Unlike
Random Forest, where the trees are built independently, XGBoost builds trees
sequentially so that each tree attempts to minimize the residual errors of the cumulative
ensemble. The method optimizes a regularized objective function that balances model
complexity and prediction error.

Let the model prediction at iteration ¢ be denoted by:

0" =5+ ), fieF "

where f; is the new regression tree added at iteration ¢, and F is the space of all possible
trees [24].

The objective function at iteration ¢ is defined as:

n t

LY =S "1y 5"+ Q)
i—1 k=1
(7

where / is a loss function that measures the difference between the prediction 3/ and the
true label y; [25].

Q(f) is a regularization term that penalizes model complexity, which can be formulated
as follows:
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Q(f) =T +

DO =

T

2

A E w;
j=1

®)

Here, T is the number of leaves in the tree, w; is the weight of the j-th leaf, and y and A
are regularization parameters controlling the model complexity.

XGBoost uses second-order derivatives of the loss function during optimization and
supports parallel computation, which makes it both accurate and efficient.

4. Experimental procedure

The experimental process was designed to ensure a systematic and reproducible
workflow. Figure 1 illustrates the instrument classification process based on machine
learning. Initially, audio files are collected as input data and processed through a feature
extraction stage, where key spectral features are generated. To standardize the input, each
audio sample is trimmed to ensure a fixed data size and labelled according to its
corresponding instrument class. The extracted and labelled features are compiled into a
dataset, which is subsequently used to train two ensemble-based machine learning
algorithms. Finally, the trained models are evaluated to assess their classification
performance and identify the most effective approach for instrument recognition.

Spectral Feafures

RMS Energy
[N Feature o

L] . » Zero Crossing Rate » Trimming
— Extraction
Audio Files _l—) Spectral Centroid —,_’

A 4

Machine Leamning

Y
Random Forest 3
Evaluation 1—|: Labelling
XGEBoost < Dataset

Figure 1. Overview of the experimental workflow for instrument classification.

The experiments were conducted on a personal computer equipped with an Intel Core i7-
11700K processor, 32 GB of RAM, and an NVIDIA GeForce GTX 1660 Super GPU.
Data processing and model implementation were carried out in the Anaconda Python
environment using the Spyder IDE. The NumPy and Pandas libraries were employed for
numerical computations and data handling, while the LibROSA library was used for
spectral feature extraction. Scikit-learn and XGBoost libraries were utilized for model
training, evaluation, and feature-based classification. Additional utilities, such as itertools
and scikit-learn’s metrics module, facilitated feature combination generation and
performance assessment.

The Philharmonia dataset, consisting of 20 instrument classes, was collected, organized,
and prepared for analysis. Spectral features, including Root Mean Square (RMS) Energy,
Zero Crossing Rate (ZCR), and Spectral Centroid, were extracted from each audio sample
to capture amplitude, frequency fluctuation, and spectral shape characteristics. Since the
audio samples varied in length, feature arrays were standardized through truncation or
zero-padding to achieve a uniform representation. All arrays were then flattened into one-
dimensional vectors. The labels were numerically encoded. The dataset was randomly
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divided into training and testing subsets with an 80/20 ratio to evaluate model
generalization.

Two ensemble-based classifiers, Random Forest and XGBoost, were trained using the
default settings for their hyperparameters. The Random Forest model was initialized with
100 decision trees (n_estimators=100) and a fixed random seed (random_state=42). The
XGBoost model was trained using default hyperparameters, with the legacy label encoder
disabled (use label encoder=False) and the multi-class evaluation metric set to log loss
(eval _metric="mlogloss").

Seven configurations were tested to investigate the effect of different feature
combinations, including single, pairwise, and triple feature sets. Classification accuracy
was used as the primary evaluation metric due to its interpretability, broad acceptance,
and suitability for comparison with previous studies. Additionally, confusion matrices
were generated to analyze misclassifications among instrument classes.

5. Results and discussion

The performance of the musical instrument classification is presented in Table 2, using
different feature sets for the Random Forest and XGBoost classifiers. The ZCR feature
set yielded accuracies of 0.68 using Random Forest and 0.71 using XGBoost. For the
Spectral Centroid feature set, accuracy was 0.74 using Random Forest and 0.76 using
XGBoost. With the RMS Energy feature set, accuracy was 0.80 using Random Forest,
whereas for XGBoost, the accuracy was slightly higher with 0.82.

Table 2. Classification accuracies of Random Forest and XGBoost for different feature

sets.
Feature Set Random Forest XGBoost
ZCR 0.68 0.71
Spectral Centroid 0.74 0.76
RMS Energy 0.80 0.82
ZCR & Spectral Centroid 0.80 0.84
RMS Energy & ZCR 0.88 0.90
Spectral Centroid & RMS Energy 0.88 0.91
All Features Combined 0.91 0.93

When the pairwise combinations of the spectral features were analyzed, for the
combination of ZCR and Spectral Centroid, the instrument classification accuracies were
identified as 0.80 and 0.84 for Random Forest and XGBoost algorithms, respectively. The
combination of RMS Energy and ZCR achieved a significant accuracy boost, reaching
0.88 with Random Forest and up to 0.90 with XGBoost. Pairing the Spectral Centroid
with RMS Energy resulted in comparable improvements, achieving 0.88 and 0.91
accuracy scores. These findings point out that, all pairwise combinations outperformed
the single feature baselines.

Finally, the highest performances for each machine learning algorithm were obtained
when all of the features were combined. With the concatenated feature vector of RMS
Energy, ZCR, and Spectral Centroid, Random Forest performed with an accuracy of 0.91,
while XGBoost achieved the highest overall accuracy of 0.93. These results indicate that
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combining triple acoustic features leads to better classification performance compared to
utilizing individual features alone or pairwise combinations.

It is also noteworthy that XGBoost performed better then Random Forest across all
feature settings as stated in Table 2, although by a small margin. This suggests that the
gradient boosting nature of XGBoost may provide a more robust modelling of the
decision boundaries, especially when dealing with heterogeneous features. To sum up,
the experimental outcomes demonstrate the advantage of using a multi-feature approach
in music instrument classification tasks. Moreover, the consistent improvement with
XGBoost indicates its effectiveness as a classifier for machine learning-based audio
applications.

On the other hand, confusion matrices were examined to provide an additional analysis
of the classification results. The confusion matrices for Random Forest and XGBoost in
Table 3 and Table 4 indicate that both models had performed quite well on most of the
instruments. For example, banjo and guitar were well classified with little or no
misclassifications in both models, indicating that these instruments do have definitive
timbral features that are easily captured by the features selected.

Table 3. Confusion matrix for the Random Forest classifier trained with combined
features. The rows represent the actual values, while the columns represent the predicted

values.
=]
= 2 '5 8 o K= S =1 I5) B

T g2 2 = E 2 g s g = £ £ 8 2 ¢ E E 8 2 7

g &8 E 8 £ § 8§ § & &£ & £ 8 & 3§ £ E = & =z
banjo 2. 0 0 0 O O O O 0O O 0 0 0 0 0 0 0 0 0 0
bassclarinet 0 189 0 0 1 3 ©0 0 0O O 0 0 0O 0O 2 0 0 0 0 0
bassoon 0 0o 132 1 1 2 5 0 0 5 0 0 0 0 0 3 0 0 1 0
cello 0 0o o0 118 0 1 2 11 8 0 0 0 0 0 2 0 1 0 9 2
clarinet 00 o 1 166 0 0 I 0 0 0 0 0 0 1 0 0 0 0 0
contrabassoon 0 O O 2 4 140 0 0 1 1 0 0 0 O 1 2 0 3 0 2
cor anglais 00 o0 1 0 0 142 0 0 0 0 0 0 0 2 1 1 0 1 0
doublebass 0 O 1 4 0 0 1 149 0 0 0 0 O O O ©0 0 1 10 1
flute 0o 0 0 1 0 ©0 0 15 0 0 0 2 0 0 0 0 0 0 12
frechhom 0 0 4 0 0 1 0 0 2 115 0 0 0 0 0O 2 0 0 1 0
guitar 0 0o 0 0 O 0 O 0 O O 24 0 0 0 0O 0 0 0 0 0
mandolin 30 0 0 0O 0O 0O O 2 0 0100 0 0 0 0 0 2 0
oboe 0o o0 0 3 0 1 0 5 1 0 08 0 0 1 0 0 2 1
percussion 0 1 0 2 0 0 0 2 2 1 0 0 01l 1 0 0 1 0 6
saxophone 0o 1 0 2 6 0 0O 0 1 0 0 0 0 0 132 1 1 0 0 2
trombone o0 2 1t 1 0 2 0 1 1 0 0 0 0 0 174 1 0 0 1
trumpet oo 1 o0 1 0 5 0 1 0 0 0 0 0 1 0 8 0 0 0
tuba 0o 0 0 0 3 0 1 0 1 0 0 0 0 0 0 0 18 0 0
viola o 1 0o s 1 0 1 S 2 0 0 0 0 0 0O 0 0 0 162 3
violin 00 0 4 1 0 2 2 5 0 0 0 0 0 0 1 0 0 5 28
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Table 4. Confusion matrix for the XGBoost classifier trained with combined features.
The rows correspond to the actual classes, and the columns correspond to the predicted

classes.
=
T g @ =
£ Z g E S = g 2 o
S g 232 2 _f F: i
e 2 s - £ E § = S 5 2 o 2 &= £ = s £
T £ 2 = E Z 4 s & £ £ g 8 & 2 E E &8 =< %
E £ £ B 5 § 8§ 8§ & &£ & E £ & g & 5 =z 2 £
banjo 200 0 0 0 0 0 0O 0O 0O 0 1 0 0 0 0 0 0 0 0
bass clarinet 0 186 0O 1 1 3 0 3 0 0 0o 0 0 0 1 0 1] 0 0 0
bassoon 0 0 137 3 1 1 1 0 4 0 0 0 0 0 0 0o 1 0
cello 0 0 0 147 1 0 1 7 6 1 0 0 0 0 O 0 1 0 2 6
clarinet 0 0 0 1 165 0 0 0 0 0 0o 0 0 0 2 0 0 0 1 0
contrabassoon O 1 0 I 2 148 0 0 1 0O 0O 0O 0O O O O I ©0 0 2
cor anglais 0 0 1 2 1 0 140 0 2 0 0 0 0 0 1 0 0 0 1 0
double bass 0 1 0 3 1 2 0 148 0 0 0o 0 0 0 0 0 1 0 11 0
flute 0O 0 0 0o 0O 0O 0 0 15 1 1 0 2 0 1 0 0 0 0 3
french horn 0 0 3 0 1 1 0 0 0 118 0 O 0 O 0 1 0 0 1 0
guitar 0 0 0 0 0 0 0 0 0 0O 24 0 0 0 0 0 0 0 0 0
mandolin o0 0o 0O 0O O O O O 0 0150 0 1 0 0 0 1 0
oboe 0 0 0 1 0 0 1 0 4 1 0 0 92 0 0 1 0 0 1 0
percussion 0O 0 0 0 0 0O 0 O 1 0 0 0 0 2 1 1 0 1 0 1
saxophone 0 0 1 1 5 0 2 2 0 0 0O 0 0 0 133 0 0 0 0 2
trombone 0 0 0 1 0 0 3 0 0 1 0o 0 0 0 0 175 1 0 1 2
trumpet o0 3 0 0 0O 2 0 0O 0 0 0 1 0 1 0 8 0 0 1
tuba 0 0 0 0 0 5 0 0 0 0 0o 0 0 0 0 0 0 184 1 0
viola 1] 0 1] 7 0 1 0 5 1 0 0 0 1 0 1] 0 1] 0 163 2
violin 00 0 4 0 0O 0O 3 1 0 0 0 0 0 0O 0 0 0 3 293

Some instruments with similar spectral and temporal characteristics belong to the same
instrument family, such as string, wind, or percussion instruments [26]. Both models
showed difficulty in distinguishing between instruments that belong to same instrument
family. For instance, wind instruments such as the bassoon and French horn were
occasionally mixed up with each other, presumably due to the share of frequencies at low
registers. Similarly, clarinet and saxophone, which are also wind instruments, were
misclassified at times, particularly by Random Forest. Among string instruments, cello,
double bass, viola, and violin were occasionally confused with each other by both
algorithms. The highest confusion occurred when Random Forest misclassified 20 cello
samples as violin. These findings suggest that although the models effectively generalize
broad spectral patterns, distinguishing between instruments within the same family
remains a challenge.

When performances of machine learning algorithms for each confusion matrices in Table
3 and Table 4 were compared, XGBoost demonstrated classification improvement in 13
out of 20 instruments, significantly reducing misclassifications compared to Random
Forest. For example, the number of correctly classified cello samples increased from 118
to 147 with the XGBoost model, indicating a boost in accuracy. Both models provided
precise classifications in their corresponding confusion matrices; however, the overall
performance of XGBoost is higher by reducing the confusion between instruments with
similar timbral characteristics, such as viola and violin.

When comparing the classification accuracy of combined feature approaches across
various studies summarized in Table 5, it is evident that the findings obtained in this study
align closely with the leading performances reported in the literature. The accuracy of
93% achieved in this study is very similar to the 93.5% accuracy achieved by Toghiani-
Rizi and Windmark (2017) by utilizing the Artificial Neural Network (ANN) [6].
Uruthiran and Ranathunga (2019) also reported a very similar accuracy of 93.37% using
the Support Vector Machine (SVM) [7]. Tu and Li (2023) achieved 87% accuracy with
MLP and SVM models for isolated orchestral notes [8]. Su (2023) reported that the KNN
model achieved an accuracy of 93.34%, which was the highest among the machine
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learning models evaluated in the study [9]. Bhagyalakshmi and Anandaraju (2025)
reported that their KNN model with optimized MFCC features achieved an accuracy of
94%, outperforming the SVM model, which achieved 90% [10]. Overall, the combination
of different acoustic features and the effectiveness of the Random Forest and XGBoost
algorithms in this study demonstrate a high and competitive classification performance
compared to the state-of-the-art approaches in the literature. Our findings are in line with
previous research, highlighting the benefits of multi-feature representations and machine
learning methods.

Table 5. Comparison of classification accuracy results across different studies.

Study Method(s) Features Accuracy

Toghiani-Rizi & Windmark (2017) ANN F requfen"y'domam 93.5%
catures
Uruthiran & Ranathunga (2019) SVM Time & frequency- 93.37%
domain features
Su (2023) KNN Various features 93.34%
Tu & Li (2023) MLP, SVM Isolated orchestral notes 87%
Bhagyalakshmi & Anandaraju (2025) KNN, SVM MFCC features 94%, 90%
. Random Forest, RMS, ZCR, o

This study XGBoost Spectral Centroid 93%

6. Conclusion

This paper demonstrates the power of combining spectral, lightweight audio features with
machine learning models for automatic musical instrument classification. By employing
features such as RMS Energy, Zero Crossing Rate, and Spectral Centroid, common
descriptors of timbre and dynamic material, this paper demonstrates that simple audio
descriptors can achieve competitive performance when combined with effective
preprocessing and applied through suitable machine learning models. The Philharmonia
dataset provided a great and varied source of single instrument recordings, and feature
representation uniformity was ensured by using zero-padding and truncation.

The experimental results showed that ensemble-based classifiers like Random Forest and
XGBoost achieved promising accuracy, particularly when using combined feature sets.
These findings suggest that machine learning approaches, which are explainable and
computationally efficient, have a significant contribution to offer in the broader context
of music information retrieval, especially in situations where deep learning is not feasible
under the constraints of hardware or data.

On the other hand, this study has some limitations such as the fixed-length pre-processing
which can impact temporal integrity. The manually balanced and high-fidelity
characteristic of the dataset that contains studio recordings might not adequately reflect
variability of music in real life which includes environmental factors such as noise,
reverberation, and room acoustics. Furthermore, the study is limited by the use of a
restricted set of audio features, which lack other potentially informative acoustic
descriptors. Additionally, models based on artificial neural networks were not utilized, as
the study focused solely on traditional machine learning methods.

Future work may include utilizing temporal features to encode the time-varying dynamics
of instruments and employing sequential modeling techniques, such as recurrent neural
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networks. Further evaluation with more varied and noisy datasets can make the utilized
machine learning models more robust and generalizable in practice. Hybrid methods
which combine different feature extraction techniques and deep learning models are an
attractive direction that balances the trade-off between accuracy and interpretability.
Additional work can also consider feature selection and dimension reduction techniques
for optimizing performance with a minimal increase in computational complexity,
particularly for resource-limited scenarios.
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