
Article Not peer-reviewed version

Hierarchical Residual Attention Network

for Musical Instrument Recognition

Using Scaled Multi-Spectrogram

Rujia Chen * , Akbar Ghobakhlou , Ajit Narayanan *

Posted Date: 23 September 2024

doi: 10.20944/preprints202409.1632.v1

Keywords: Spectrograms; Musical Instrument Classification; Audio classification; Audio feature extraction;

Music information retrieval; Spectrogram transformation; Residual attention networks; Attention

mechanisms; Deep learning for audio

Preprints.org is a free multidiscipline platform providing preprint service that

is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons

Attribution License which permits unrestricted use, distribution, and reproduction in any

medium, provided the original work is properly cited.

https://sciprofiles.com/profile/3723441
https://sciprofiles.com/profile/2333597


 

Article 

Hierarchical Residual Attention Network for Musical 

Instrument Recognition Using Scaled  

Multi-Spectrogram 

Rujia Chen *, Akbar Ghobakhlou and Ajit Narayanan 

Computer Science and Software Engineering Department, Auckland University of Technology, Auckland, 

New Zealand 

* Correspondence: rujia.chen@autuni.ac.nz 

Featured Application: The proposed method could potentially be applied to musical instrument 

classification tasks, contributing to the organization and analysis of audio data where identifying 

instruments is required. This may be useful in research, music information retrieval systems, or 

other related applications. 

Abstract: Musical instrument recognition is a relatively unexplored area of machine learning due to 

the need to analyze complex spatial-temporal audio features. Traditional methods using individual 

spectrograms, like STFT, Log-Mel, and MFCC, often miss the full range of features. We propose a 

hierarchical residual attention network using a scaled combination of multiple spectrograms, 

including STFT, Log-Mel, MFCC, and CST features (chroma, spectral contrast, and Tonnetz), to 

create a comprehensive sound representation. This model enhances focus on relevant spectrogram 

parts through attention mechanisms. Experimental results with the OpenMIC-2018 dataset show 

significant improvement in classification accuracy, especially with the "Magnified 1/4 Size" 

configuration. Future work will optimize CST feature scaling, explore advanced attention 

mechanisms, and apply the model to other audio tasks to assess its generalizability. 

Keywords: spectrograms; musical instrument classification; audio classification; audio feature 

extraction; music information retrieval; spectrogram transformation; residual attention networks; 

attention mechanisms; deep learning for audio 

 

1. Introduction 

Musical instrument recognition in recorded music is complex due to the diverse and intricate 

features in audio signals. Traditional approaches using individual spectrograms like Short-time 

Fourier Transform (STFT), logarithm mel frequency (log-mel), or Mel-frequency cepstral coefficients 

(MFCC) capture only specific aspects of the audio signal, such as amplitude and short-term power 

spectrum. This often fails to capture the full richness of audio features necessary for accurate 

instrument classification.  

To address this, combining multiple spectrograms—such as STFT, Log-Mel, MFCC, along with 

CST features (chroma, spectral contrast, and Tonnetz)—into a single compact input image has been 

proposed for various audio tasks [1–5]. This approach leverages the strengths of each spectrogram 

type, providing a more comprehensive understanding of the audio signal and leading to more 

accurate classification accuracy.  

However, the increased number of spectrogram features can introduce challenges, making it 

difficult for the model to determine which part of the input image are most important. Attention 

mechanisms help the model focus on the most relevant spectrogram features, addressing this issue. 
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Some studies, like those on bird sound recognition [3] and music annotation [6], integrating attention 

mechanisms [7,8] to enhance the model. 

Building on this foundation, our work introduces a hierarchical attentive convolutional neural 

network (CNN) for musical instrument classification using scaled spectrograms. Also integrating 

attention mechanisms within the hierarchical Residual Networks (ResNets) [9], our model can 

prioritize the most relevant features from the combined spectrograms, enhancing classification 

accuracy. The scale assigned to each spectrogram type are determined during preprocessing, 

magnifying or minimizing their representation in the input images. This approach allows the model 

to focus on the most informative parts of the spectrograms, leading to enhanced classification 

accuracy.  

2. Literature Review 

Deep learning for music informatics has demonstrated that convolutional neural networks 

(CNNs) can effectively learn features directly from audio data, bypassing the need for manual feature 

design and significantly advancing automatic feature extraction and music classification performance 

[10]. The integration of Deep Learning Networks [11] and spectrogram features has proven to be a 

robust approach for audio classification even in noise conditions [12]. Spectrograms, which represent 

audio signals visually, allow CNNs to learn intricate patterns and features from the time-frequency 

domain [13–15].  

Also, other research [16] proposed a multi-spectrogram encoder-decoder framework that 

utilizes different types of spectrograms to improve acoustic scene classification. Their approach 

highlights how integrating diverse spectral features can enhance the robustness of audio 

classification models. 

Various studies [17,18] have explored different spectrogram types, such as STFT, Log-Mel, and 

MFCC, to capture diverse audio characteristics. Specifically, for musical instrument classification in 

recorded polyphonic music, the work [19] accurately classifies the NSynth dataset [20] with good 

performance. The IRMAS [21] dataset's work [22] that achieved 0.79 precision. The Open-Mic [23], 

dataset has been used more , with one work [24] achieving 0.843 mean average precision (mAP), 

another work [25] achieving 0.852 mAP, and a benchmark work [26] of 0.855 mAP. 

3. Method 

3.1. Hypothesis 

In this study, we explore the impact of scaled multi-spectrogram inputs on the performance of 

a hierarchical residual attention network for musical instrument recognition. The Universal 

Approximation Theorem [27] suggests that a neural network can approximate any continuous 

function, as expressed in (1).  

𝑌 =  𝑤 ⋅ 𝑥 +  𝑏 (1) 

where 𝑌 is the output, w is the weight, x is the input, and b is the bias. 

Building on the Universal Approximation Theorem [27], we preprocess the spectrograms by 

applying fixed scales to different spectrogram components to enhance classification performance, as 

illustrated in (2). This approach optimizes the representation of each spectrogram type before they 

are fed into the model, potentially leading to improved accuracy. 

              𝑌 =  𝑤(𝑆₁ ∗  𝐿𝑜𝑔𝑀𝑒𝑙(𝑥) +  𝑆₂ ∗ 𝐶ℎ𝑟𝑜𝑚𝑎(𝑥) +  𝑆₃ ∗ 𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡(𝑥) +  𝑆₄ ∗  𝑇𝑜𝑛𝑛𝑒𝑡𝑧(𝑥))                         (2) 

where Y is the output, w is the overall weight, (S1, S2, S3, )and (S4)are the scale for the Log-Mel, 

Chroma, Spectral Contrast, and Tonnetz spectrogram features respectively, and (x) represents the 

input audio signal. 

This approach hypothesizes (2) that by assigning appropriate scale to these components, the 

model can better capture the distinct characteristics of each feature type, leading to a more accurate 

classification of musical instruments. The rationale behind this hypothesis is that different 
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spectrogram features highlight unique aspects of the audio signal, and a scaled combination can 

provide a more comprehensive representation. 

3.2. Data Pre-Processing 

In this experiment, we use the OpenMIC-2018 dataset [23], an open-source, multilabel music 

instrument annotated database. The OpenMIC-2018 dataset contains over 20,000 ten-second audio 

clips, each annotated with multiple instrument labels, providing a diverse and extensive collection 

of musical instrument samples for analysis. The dataset includes 20 different musical instruments, 

and all recordings are real audio recordings capturing the authentic characteristics of various 

instruments in natural settings. 

Figure 1 illustrates various audio feature representations extracted from a musical instrument 

sample and the effects of combining these features at different scales. The log-mel spectrogram in (a) 

has 128 Mel frequency bins, the chroma features in (b) map to 12 pitch classes, the spectral contrast 

in (c) has seven bins, and the Tonnetz in (d) uses six bins to represent harmonic intervals. Combining 

these features at their original sizes, as shown in (b), results in an overwhelming dominance of the 

Log-Mel spectrogram due to its larger size. To address this, different scaling approaches were 

generated: (c) shows the features combined at 1/4 of the Log-Mel’s size (32), (d) at half size (64), (e) at 

3/4 size (96), and (f) with all features scaled to the same size (128 bins). OpenCV [28] was used to 

stretch the spectral contrast, chroma, and Tonnetz features to match the Log-Mel’s 128 bins or 

different scaled size settings, creating balanced and coherent representations. 

 

Figure 1. Audio feature representations for a musical instrument sample: (a) Log-Mel Spectrogram, 

Chroma Features, Spectral Contrast, and Tonnetz combined at original sizes, (b) Combined 

Spectrogram Features (CST - Original Size), (c) Combined Spectrogram Features (CST - 1/4 Size), (d) 

Combined Spectrogram Features (CST - Half Size), (e) Combined Spectrogram Features (CST - 3/4 

Size), and (f) Combined Spectrogram Features (all same size). 

3.3. Convolutional Neural Network Structure 

The neural network model used here (Figure 2) classifies musical instruments using spectrogram 

inputs. It consists of three residual blocks with 32, 64, and 128 filters, respectively, each followed by 

MaxPooling to reduce dimensions. Attention mechanisms are applied at multiple stages: Early 

Attention after the first block, Mid Attention after the second, and Late Attention after the third, along 

with Channel and Coordinate Attention to emphasize critical features. The output is flattened, passed 

through a dense layer with 512 units and ReLU activation, followed by a 40% dropout layer, and 

finally a sigmoid activation layer for multi-label classification. The model uses binary cross-entropy 

loss, Adam optimizer, and accuracy as the metric. 
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Figure 2. Overview of the neural network architecture used for musical instrument classification. The 

model includes three Residual Blocks, each followed by an attention layer (Early Attention, Mid 

Attention, Late Attention), and a final fully connected (FC) layer for classification). 

This architecture effectively combines residual connections, attention mechanisms, and dense 

layers to achieve robust feature extraction and classification performance for musical instrument 

recognition tasks. 

4. Results 

4.1. Benchmark Comparison 

Figure 3 presents a comparison of mean average precision (mAP) achieved by different methods 

on the Open-MIC dataset. The x-axis lists the methods, while the y-axis indicates the mAP values. 

The graph includes benchmark methods, our proposed methods, and highlights our best model. The 

benchmark methods serve as a reference point, showing the progression in performance over the 

years, including the Baseline [23] , PaSST [24], EAsT-KD + PaSST [25], and DyMN-L [26]. Our 

methods include various configurations of combining spectrogram features and attention 

mechanisms. Specifically, the "Single Log-Mel" approach, "Log-Mel CST Combined Spectrogram," 

and "Log-Mel CST with Attention Layer" configurations explore the impact of different spectrogram 

features on model performance. Additionally, we experimented with magnifying the spectrogram 

features to different extents: "Magnified 1/4 Size," "Magnified 1/2 Size," "Magnified 3/4 Size," and 

"Magnified Full Size." 

 

Figure 3. Mean Average Precision (mAP) Comparison Across Various Methods on the Open-MIC 

Dataset. 
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Among these, the "Magnified 1/4 Size" model achieved a mAP of 0.8445, demonstrating a 

performance close to the leading benchmark methods. This model's success highlights the 

importance of carefully scaling the spectrogram features and incorporating attention mechanisms to 

enhance the model's focus on the most informative parts of the input data. The magenta marker and 

horizontal magenta line on the graph emphasize the noteworthy performance of this model, 

illustrating the potential effectiveness of our approach in musical instrument recognition tasks. 

4.2. Evaluation Metrics Comparison among Each Scaled Multi-Spectrogram Settings 

Figure 4 presents a comprehensive comparison of the precision, recall, and F1-score metrics for 

various instrument recognition models using different configurations of spectrogram features. The 

x-axis represents the different musical instruments, while the y-axis indicates the metric values.  

 

Figure 4. Precision, Recall, and F1-Score Comparisons for Different Spectrogram scaled size. 

The models compared include configurations such as Log-Mel 128 with Original CST Sizes 

(Chroma = 12, Spectral Contrast = 7, Tonnetz = 6), Log-Mel 128 with CST Magnified to 1/4 Size 

(Chroma = 32, Spectral Contrast = 32, Tonnetz = 32), Log-Mel 128 with CST Magnified to 1/2 Size 

(Chroma = 64, Spectral Contrast = 64, Tonnetz = 64), Log-Mel 128 with CST Magnified to 3/4 Size 

(Chroma = 96, Spectral Contrast = 96, Tonnetz = 96), and Log-Mel 128 with CST Magnified to Full Size 

(Chroma = 128, Spectral Contrast = 128, Tonnetz = 128). Each sub-plot within the figure illustrates a 
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specific metric comparison, with the top plot showing Precision Comparison, the middle plot 

showing Recall Comparison, and the bottom plot showing F1-Score Comparison. 

According to Figure 4, for instruments like accordion, banjo, bass, drums, guitar, marimba, 

piano, synthesizer, and trumpet, high precision is consistently maintained across all configurations, 

indicating effective differentiation with minimal false positives. However, for cello, clarinet, flute, 

mandolin, violin, and voice, precision varies, suggesting certain spectrogram features better reduce 

false positives. Notably, the "Log-Mel 128 CST Magnified 1/4 Size" configuration generally provides 

a balanced performance, capturing essential characteristics effectively. Instruments like cymbals, 

organ, saxophone, and trombone exhibit significant precision fluctuations, indicating overlapping 

features with other instruments, making accurate differentiation more challenging. 

Recall metrics reveal consistently high detection rates for accordion, banjo, bass, piano, 

synthesizer, trumpet, ukulele, violin, and voice, showcasing the model's effectiveness. Variability in 

recall for cello, clarinet, cymbals, flute, guitar, marimba, mandolin, and saxophone, with the "Log-

mel 128 CST Magnified Full Size" often achieving higher recall, suggests larger feature sizes capture 

more relevant characteristics. Lower and more variable recall rates for drums, organ, and trombone 

indicate these instruments are less distinct or more challenging to detect accurately. High and 

consistent F1-scores for instruments like accordion, banjo, bass, drums, guitar, piano, synthesizer, 

and trumpet reflect a good balance between precision and recall. In contrast, cello, clarinet, cymbals, 

flute, mandolin, organ, saxophone, and trombone show fluctuating F1-scores, with the "Log-mel 128 

CST Magnified 1/4 Size" and "Log-mel 128 CST Magnified Full Size" configurations often performing 

better. This indicates these configurations provide a better trade-off between detecting instruments 

and minimizing false predictions, while voice, violin, marimba, and ukulele show variability in F1-

scores, suggesting room for optimization in feature size and attention mechanisms. 

5. Discussion 

The different configurations of CST feature sizes (Original, 1/4, 1/2, 3/4, Full) highlight how 

scaling affects model performance. Smaller sizes generally provide a compact representation, leading 

to higher precision but potentially lower recall. Conversely, larger sizes capture more details, 

improving recall but possibly introducing more false positives. The "Magnified 1/4 Size" 

configuration often achieves a good balance, making it a preferred choice for general purposes. The 

variability in performance across different instruments suggests that certain instruments benefit more 

from specific feature configurations. For instance, instruments like drums and organ might require 

more sophisticated feature combinations or additional attention mechanisms to enhance detection 

accuracy. Incorporating attention mechanisms at various stages helps the model focus on the most 

relevant parts of the spectrogram, improving overall performance. The results indicate that these 

mechanisms are crucial, particularly for instruments with overlapping or subtle features. Further 

research could explore optimizing CST feature sizes and experimenting with other attention 

mechanisms. Additionally, applying the hierarchical residual attention network to other audio 

classification tasks could test its generalizability and effectiveness beyond musical instrument 

recognition 

5.1. Early Attention Layer Analysis 

In the early layers (Figure 5), the feature maps primarily capture basic structures and low-level 

features of the spectrogram. As observed in the first and second row of images, filters from the early 

convolutional layers (Conv Layer 1 and Conv Layer 2) identify fundamental frequency components 

and broad harmonic structures. The filters show a high level of activity across the entire spectrogram, 

indicating that the network is learning to detect general patterns and frequencies. 
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Figure 5. Early Conv Layer 1 and Early Conv Layer 2 feature maps of a trumpet and bass sample, 

showing the network's initial extraction of basic structures and low-level features. Height and width 

attention maps illustrate the focus on specific frequency bands and temporal patterns, respectively. 

The attention maps on second and third row highlight the importance of vertical segments of 

the spectrogram, which correlate to specific frequency bands. The height attention maps reveal that 

the network is focusing on certain frequency ranges more than others, possibly identifying critical 

harmonic regions of the trumpet and bass sounds. The width-based attention maps suggest that the 

network is also learning to identify temporal patterns and consistency across time. The early width 

attention maps show how the model emphasizes different time segments, helping to capture 

rhythmic and temporal features of the input sounds. 

5.2. Mid Attention Layer Analysis 

In the mid layers (Figure 6), the network refines its understanding of the input spectrogram, 

capturing more detailed and intermediate-level features. The feature maps in the first and second 

row of the mid layer images show more complex patterns and finer details than those in the early 

layers. The filters here are responsive to specific harmonic and melodic structures, which are essential 

for distinguishing between different musical instruments. 
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Figure 6. Mid Conv Layer 1 and Mid Conv Layer 2 feature maps for a trumpet and bass sample, 

highlighting the network's refinement of intermediate-level features. Height and width attention 

maps show the network's increased focus on specific harmonic and melodic structures, as well as 

temporal variations. 

The height attention maps in the mid layers further narrow down the frequency bands of 

interest, showing more focused attention on specific harmonics and overtones. This level of attention 

helps in identifying unique timbral characteristics of the instruments, such as the brightness of the 

trumpet or the depth of the bass. 

Also, width attention maps in the mid layers continue to highlight temporal structures, but with 

more precision compared to the early layers. These maps demonstrate the network's ability to track 

temporal variations and dynamics within the spectrogram, crucial for capturing the expressive 

qualities of musical performances. 

5.3. Late Attention Layer Analysis 

In the late layers (Figure 7), the network consolidates its feature extraction to capture high-level, 

abstract features that are directly relevant to the classification task. The convolutional feature maps 

in the late layers (first row) show highly specific patterns, often isolating key harmonic and rhythmic 

elements that are distinctive for each instrument. 
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Figure 7. Late Conv Layer 1 and Late Conv Layer 2 feature maps of a trumpet and bass sample, 

capturing high-level, abstract features. Height, width, and channel attention maps emphasize the 

most critical frequency bands, temporal segments, and feature maps, respectively. 

Height attention maps in the late layers provide a final refinement of frequency focus, isolating 

the most critical frequency bands that define the instrument's timbre. These attention maps are 

sparser, indicating that the network has focused on the most informative frequency components. 

Width attention maps in the late layers show a similar sparsity, with attention concentrated on 

the most temporally significant segments of the spectrogram. This focused attention helps the 

network in making fine-grained distinctions between similar instruments and identifying subtle 

temporal nuances. 

Lastly, the channel attention maps (last row) illustrate the network's emphasis on specific 

channels or feature maps within the spectrogram. This type of attention helps in weighing the 

contribution of different feature maps, ensuring that the most relevant features dominate the final 

classification decision. 

6. Conclusion 

In this study, we presented a hierarchical residual attention network for musical instrument 

recognition using scaled multi-spectrogram features. By combining Log-Mel feature with CST 

features (chroma, spectral contrast, and Tonnetz), our model captures a more comprehensive 

representation of audio signals. The attention mechanisms, applied at various stages of the network, 

allow the model to focus on the most relevant parts of the combined spectrogram, improving 

classification performance. 

Our experiments demonstrated that the "Magnified 1/4 Size" configuration achieved the best 

balance of precision, recall, and F1-score, highlighting the effectiveness of scaling spectrogram 
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features to enhance model performance. The use of hierarchical residual connections and attention 

mechanisms significantly improved the model's ability to classify instruments accurately, even those 

with subtle or overlapping features. 

7. Future Work 

Future research could enhance our model by making the scaling of spectrogram features 

learnable within the neural network itself. Instead of applying fixed scales during preprocessing, each 

spectrogram type—Log-Mel, Chroma, Spectral Contrast, and Tonnetz—could have its own adaptive 

weight in the network's initial layer. This would allow the model to automatically determine the 

optimal emphasis for each feature during training, potentially improving classification accuracy. This 

approach eliminates the need for manual scaling in pre-processing stage and enables the model to 

focus more effectively on the most informative features for instrument recognition. 

Additionally, analyzing the learned weights could provide insights into the relative importance 

of different spectrogram features, guiding future feature selection and extraction methods. Exploring 

this adaptive scaling in combination with advanced attention mechanisms or architectures could 

further enhance the model's performance. Applying this strategy to other audio classification tasks 

would help evaluate its generalizability and effectiveness across various applications in audio 

processing. 

Also, experimenting with other attention mechanisms or combinations like Vision Transformer 

[29] reveal further performance enhancements, with a particular focus on each spectrogram 

individually to refine the model's ability to focus on the most informative parts of the spectrogram. 

8. Reproducibility 

The data and code that support the findings of this experiment are openly available in our 

GitHub repository at https://github.com/fireHedgehog/music-intrument-OvA-

model/tree/main/open-mic .  
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