Student Award Papers

Paprocki C, Crump M, Dare T, et al. Evaluation of machine learning performance on
source separated passive acoustic recordings. NCE/. 2025;73(3). doi:10.3397/1/377333

Evaluation of machine learning performance on source separated

passive acoustic recordings

Carter Paprocki, B.S.,M.S.", Morgan Crump, B.S.,M.S.,Ph.D.?, Tyler Dare, B.S.,Ph.D.", Andrew Barnard, B.S.,M.S.,Ph.D.?,
Kristin Cody, B.S.,M.S.,Ph.D.*, Peter Newman, B.S., M.S., Ph.D.%, Derrick Taff, B.A.,M.A.,Ph.D.°
1 Acoustics, Pennsylvania State University, 2 Recreation, Park, and Tourism Management, Pennsylvania State University, Pennsylvania State University,

3 Administration, Michigan Technological University, 4 Advanced Technology Innovation Pipeline, Naval Nuclear Laboratory, 5 Rubenstein School of
Environment and Natural Resources, University of Vermont, © Recreation, Park, and Tourism Management, Pennsylvania State University

Keywords: 74.8 Frequency domain and spectral analysis, 56.1 Outdoors

https://doi.org/10.3397/1/377333

Noise Control Engineering Journal
Vol. 73, Issue 3, 2025

The United States National Park Service often deploys passive acoustic monitoring
devices whose data are used to characterize the ecological health of the site and quantify
the level of anthropogenic sources present. The analysis of the data is then used to
inform conservation management policy that protects the natural soundscape of the
National Parks. Traditional methods for analyzing the acoustic recordings involve human
listeners annotating a subset of this data and labeling the acoustic sources present.
Manual data processing is labor intensive and relies on human perception that varies
between individuals, these limitations ultimately reduce the amount of data that can be
analyzed. By augmenting the manual annotation of acoustic data with machine learning
(ML) this research aims to increase the quantity of data that can be annotated while
achieving higher annotation confidence for acoustic sources. Previous research has
shown that separating the transient acoustic sources from the background acoustic
environment reduces data complexity allowing for improved characterization of the
sources. This paper will evaluate the performance of machine learning models using
source separated data to understand the effects it has on data annotation accuracy,
hyperparameter complexity, and ML model training time.

1. INTRODUCTION

Anthropogenic pollution refers to environmental contam-
ination caused by human activities.! Since the Industrial
Revolution, a variety of pollutants have been released into
the environment at growing rates, including anthropogenic
noise, which negatively impacts ecosystems, human health,
and the broader environment.!'# Increasingly, anthro-
pogenic noise is encroaching upon natural areas used for
outdoor recreation, personal escapes, and connections with
nature.5"7

The U.S. National Park Service (NPS) manages protected
lands—including national parks, monuments, and historic
sites—to conserve natural and cultural resources while pro-
viding recreational opportunities. Under the NPS Organic
Act of 1916, the agency is required to protect acoustic re-
sources to ensure future generations can experience natural
soundscapes unimpaired. This commitment is reinforced
by the 2006 NPS Management Policies, which mandate the
preservation of park soundscapes to protect cultural and
historic auditory experiences.8 However, as anthropogenic
noise alters the soundscapes of parks and protected areas
(PPAs), both human experiences and environmental condi-
tions within these spaces are changing.®? Understanding

these dynamic changes is crucial for effective park manage-
ment.

1.1. Soundscapes in Parks and Protected
Areas

Soundscapes in PPAs result from a complex interplay be-
tween natural sounds, human activity, and environmental
factors. These areas feature diverse biotic and abiotic ele-
ments—such as bird calls, rustling leaves, and flowing wa-
ter—shaped by time of day, season, weather, and topog-
raphy.10-15 Anthropogenic noise sources, including road
traffic, aircraft, and visitor activity, can mask or alter these
natural sounds.16-18

As human presence increases in and around PPAs, nat-
ural soundscapes are increasingly disturbed, contributing
to biodiversity loss and habitat degradation.®19-23 Natural
landscapes free from human-generated noise have become
increasingly rare.2425 These shifts in soundscapes directly
affect visitor experiences and satisfaction.26,27

1.2. Monitoring and Managing Acoustic
Environments

Protecting acoustic environments requires ongoing moni-
toring, data analysis, and the integration of interdiscipli-
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nary research into park policies. A key component of NPS
soundscape management is the inventorying and monitor-
ing of acoustic conditions (NPS Management Policies, sec-
tion C.5). This involves establishing baseline data to inform
site-specific management plans, with ongoing efforts to ex-
pand the scope and efficiency of data collection.

NPS currently employs a passive acoustic monitoring
system that records 25 consecutive days of audio (600
hours). Due to the extensive effort required for manual an-
notation, NPS selects a subset of 8 days, manually labeling
2.5% of the total recorded audio, as outlined in the Air Tour
Management Plan.28 This equates to analyzing 10-second
intervals every two minutes, with trained human operators
(EHOs) at the NPS listening lab annotating the data.2 The
manual annotation process is time-intensive, often requir-
ing multiple weeks per site, limiting the capacity for large-
scale soundscape conservation efforts.

1.3. Machine Learning for Acoustic Analysis

Machine learning has proven effective in detecting and an-
notating acoustic events in passive acoustic recordings.
Since 2012, the use of machine learning in eco-acoustics
has expanded significantly, improving the efficiency of
long-term acoustic analysis.30 Bioacoustics studies have
successfully used machine learning to identify specific
sound sources, such as wildlife vocalizations or anthro-
pogenic noise.31:32 However, broad-scale identification of
multiple acoustic sources remains complex and resource-
intensive.

To improve annotation efficiency without relying solely
on large deep learning models, this research explores ro-
bust adaptive de-noising techniques to extract meaningful
acoustic features. Effective preprocessing is essential, as
machine learning models perform best with high-quality
input data. Proper preprocessing minimizes noise and al-
lows models to generalize to new, unprocessed data, reduc-
ing overfitting.33

This study evaluates the implementation of spectral sub-
traction as a technique for separating transient acoustic
events from non-stationary background noise. Evaluation
of spectral subtraction will be done by comparing CNN
models trained on a denoised spectrogram dataset as well
as CNN models trained using the original spectrograms.
The goal of this research is not to design a robust gen-
eralized CNN but to determine whether there is an im-
provement in CNN performance when using spectral sub-
traction as a preprocessing step. By categorizing acoustic
data into distinct classification domains, we aim to simplify
input data, accelerate model training, and enhance mul-
ticlass classification accuracy.34 Low signal-to-noise ratios
(SNR) are known to impair the performance of machine
learning techniques, including convolutional neural net-
works (CNNSs), long short-term memory (LSTM) networks,
and deep learning neural networks.35-37 Addressing these
challenges will improve automated soundscape analysis,
supporting NPS efforts to monitor and preserve natural
acoustic environments more effectively.

2. METHOD

The goal of this research was to evaluate the impact of
spectral subtraction as a preprocessing step in acoustic
source classification using a convolutional neural network
(CNN). Specifically, we aimed to determine whether spec-
tral subtraction improves classification accuracy and to
quantify its effect on CNN training time. Previous research
has shown that spectral subtraction can effectively denoise
audio up to -6 dB SNR while allowing the spectrograms
separated into component transient signal and background
noise spectrograms.38 The dataset consisted of five tran-
sient acoustic sources, representing the most common
transient signals in the NPS dataset: bird song, people talk-
ing, jet aircraft, propeller aircraft, and helicopters. To in-
crease the complexity of the classification task and expand
the training dataset, we injected each signal with seven di-
verse types of real-world and synthetic noise at different
signal to noise ratios (SNR): traffic, wind, rain, insect cho-
rus, generator, white noise, and pink noise. Then a CNN
was trained on this dataset using the three spectrogram
representations original, transient, and background.

2.1. Classification Dataset Creation

Due to the inherent complexity of real-world sounds which
at any moment contain multiple acoustic sources with
overlapping frequency content, it was determined that gen-
erating a synthetic dataset using a subset of audio from the
NPS archive would provide a scalable single class dataset.
For each of the data classes five sections of 2-minutes of
audio were selected where the target class was the domi-
nate acoustic feature through the entire 2-minute record-
ing. Some of the recordings did require additional filtering
such as the aircraft audio due to them occasionally con-
taining an erroneous bird call. However, the filter order was
limited to ensure minimal manipulation of the signal phase
and existing noise due to the recording device. With the au-
dio cleaned, various forms of background noise at 6 dB and
0 dB SNR levels were added to the recordings using the data
augmentation technique noise injection. In order to prop-
erly scale each noise recording to the corresponding signal
the noise weighting value 3 was calculated using Eqn. 1.

2
mean (Asignal>

ﬁ * mean (Aioise)

SNR = 10 *log, (1)
Noise injection is a proven tool used for data augmentation
and has been shown to increase prediction accuracy and
generalization of CNN machine learning models when a
training dataset has a limited number of samples.3° For
these reasons, the five noise sources were chosen that rep-
resent common environmental background noise found in
the NPS dataset. Two sources of synthetic noise were also
selected white and pink noise due to their noise profiles
having spectral energy in the two frequency ranges of in-
terest broadband and low frequency, respectively. The total
number of noise records for each class was equal to the
transient sources and consisted of five 2-minute recordings.
The number of original samples for each transient acoustic
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Table 1. Number of samples for each transient class with different background noise profiles.

Background Noise

Class Original Sample Size
Wind Rain Traffic Generator Insect White Pink
Bird 120 1200 1200 1200 1200 1200 1200 1200
Speech 120 1200 1200 1200 1200 1200 1200 1200
Jet 120 1200 1200 1200 1200 1200 1200 1200
Propeller 120 1200 1200 1200 1200 1200 1200 1200
Helicopter 120 1200 1200 1200 1200 1200 1200 1200

source class and the total number of samples generated
with each from each noise source is shown in Table 1.

2.2. Spectral Subtraction Denoising

Spectral subtraction has been shown to amplify the signal-
to-noise-ratio and provide effective detection and denois-
ing for acoustic sources at exceptionally low SNR. Com-
pared to traditional methods of band pass filtering and
wavelet filtering, spectral subtraction is more effective due
to it not relying on a set frequency band and can effectively
denoise sources that have overlapping frequency content
with the background noise. Additionally spectral subtrac-
tion can be localized using a moving average of the noise
estimation and allow for denoising of transient signals in
nonstationary background noise. Spectral subtraction also
does not require microphone array data, which is needed
for signal cross correlation techniques, meaning it can be
a powerful denoising tool for bioacoustics and passive
acoustic monitoring studies that often only deploy one or
two microphones. Due to these many strengths spectral
subtraction was chosen for this research.

The specific algorithm used in this research was a mod-
ification of the work done by Verteleskaya and Simak and
the full derivation of the method can be found in a previous
publication.3840 The method developed by Verteleskaya
and Simak used a voice activity detector in order to detect
which vertical frames of a spectrogram contained the
acoustic signal of interest. The voice activity detector was
replaced by a Shannon entropy threshold detector in this
research. Shannon Entropy was first described by the father
of information theory C.E. Shannon in a 1948 publica-
tion.#! Shannon entropy is the measure of information con-
tained in a signal, wherein noise contains the most amount
of information due to it being a stochastic variable has
equal probability of occurring as all other values. Once a
signal is contained within the noise the entropy and infor-
mation of the signal drops due to there being a higher prob-
ability the measured value is a part of the signal. The calcu-
lation of Shannon entropy from a probability distribution is

shown in Eqn. 2.
I

H[X] = =) P(;)*log,(P(;)) (2)

i=1
When this is applied to a spectrogram, each vertical frame
of the power spectra is normalized to ensure the summable
area under the curve is equal to one shown in Eqn. 3. Where
the normalized power spectrum is represented by ﬁv[m]

and N is the index of the spectrogram frame and m is the
index of the frequency.
—~ Yn|m
Yn[m] = KL
Jiey Yn[m] dm

Normalization also benefits the algorithms’ ability to de-
tect sources due to it not relaying on total energy contained
in each frame but the relative information in each frame
meaning detection will not be bias to transient sources
with higher energy which is a common limitation in energy
threshold detection methods. The normalized power spec-
trum Yy [m] is then substituted into equation 2 as the prob-
ability distribution and one is able to calculate the Shannon
entropy of each spectrogram frame. The instantaneous
Shannon entropy is then used to calculate the standard de-
viation and a moving average. This research found that a 20
second moving average with the standard deviation of the
2-minute recording was effective parameters for denoising.
The threshold for detecting spectrogram frames that con-
tained signal was calculated by subtracting %2 the stan-
dard deviation of the 2-minute recording from the 20 sec-
ond moving average. If the instantaneous value was below
the threshold value it was determined that this frame con-
tained signal and should not be included in the local noise
estimation. This calculation is shown in Eqn. 4.

3)

T

if BIN] < %;ﬁx,m —axo LIN| =0  (4)
The noise logical vector L[N] is set to zero when the instan-
taneous Shannon entropy is less than the threshold value
denoting the spectrogram frame contains transient signal
and is set to one when the instantaneous value is greater
than the threshold value denoting the spectrogram frame
is noise and should be included in the noise estimation.
This process is illustrated in Fig. 1, where a recording of
bird song is passed into the denoising algorithm, it is shown
that dips in the in the Shannon entropy align with the bird
calls thus an estimation of the localized noise is calculated.
The calculation of the localized noise is similar to the en-
tropy threshold value, as it takes the frames of the spectro-
gram where the noise logic is 1 and calculates a moving av-
erage of the corresponding power spectra. This calculation
of the local noise estimate is shown in Eqn. 5 where the lo-
cal noise power spectra is T)\N[m], and L is the number of
spectrogram frames determined to be noise in the 20-sec-
ond moving window.
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Fig. 1. Instantaneous Shannon entropy dips below the threshold value when tonal content is present due to the frame
containing less information compared to the average, allowing for effective denoising to occur.

Dy[m]

(5)

L
b > Yy ia[m] x L[N
ML=t
In order to calculate the final denoised spectrogram
shown in Fig. 1, the local noise estimate l/)\N[m] is compared
to the magnitude of the input spectrogram. When the mag-
nitude of the input spectrogram minus the local noise esti-
mate is greater than the noise floor value, then that bin has
the noise estimate subtracted from the magnitude of the
input spectrogram. If this value is less than the noise floor
value, then that bin was set to the noise floor. The noise
floor is calculated by multiplying a user input § by the lo-
cal noise estimate, it was found that a value of § = 1 % 107°
works well. This is shown in Eqn. 6.

if Yn|m] — Dy[m] > 6 % Dy[m]

Suiml =Ylm] - BN[;"] (6)

Using Spectral Subtraction, one is able to take the original
input spectrogram data and then spit it into its component
transient signal spectrogram and then subtract the signal
spectrogram from the input spectrogram to generate a
background spectrogram. These three spectrogram repre-

sentations were then parsed into 5 second intervals and
then passed into the CNNs to perform classification.

2.3. Machine Learning Implementation

In this research, the goal was to determine the effect of
using spectral subtraction as a preprocessing step on ma-
chine learning performance, specifically in the classifica-
tion of transient signals or injected noise. To achieve this,
20 CNN networks were trained with different percentages
of the training data, ranging from 50% to 90% shown in
Table 2. The validation percentage was fixed at 10% to en-
sure fair evaluation of all models, and the validation data
was used to determine when to stop training using MAT-
LAB’s ‘ValidationPatience’ parameter.#2 This method helps
prevent overfitting by halting training when the validation
loss stops improving after a set number of intervals.

Given the large dataset size, a minibatch size of 32 was
used to ensure the data could be processed efficiently with-
out exceeding the system’s memory. The CNN architecture,
illustrated in Fig. 2, begins with an image input layer of size
400x400x1, corresponding to the dimensions of a 5-second
spectrogram. Since the audio files were already normalized
between -1 and 1 during the creation of the noise-injected
dataset, no further normalization was applied at the input
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Table 2. Convolution Neural Network training procedure.

Input Data Classification Percentage of Training Data
Original Signal 50 60 70 80 90
Original Background 50 60 70 80 90
Signal Signal 50 60 70 80 90
Background Background 50 60 70 80 90

dilations = 1, 1

BatchNormalization

imageinput

kernel shape = 5, 5

pads=2222

strides = 1, 1
N

MaxPool

kernel_shape = 2, 2
pads=0,0,0,0
strides = 2, 2

Flatten Softmax

BatchSizex5

3x

Fig. 2. CNN network used for four classification tasks.

layer, preserving the dB scale representation of the spectro-
grams.

The input is then passed through a convolution layer
with 32 filters, followed by a batch normalization layer. The
batch normalization normalizes the activations before they
are passed through the activation function. A max pooling
layer is applied to reduce the spatial dimensions of the fea-
ture maps, identifying the most critical features while im-
proving computational efficiency. This sequence of convo-
lution, normalization, and pooling is repeated three times.
Finally, the output is fed into a fully connected layer, fol-
lowed by a softmax function for classification. This CNN
architecture aims to effectively capture the important fea-
tures of the spectrograms while preventing overfitting and
improving training efficiency. The optimization function
implemented is the Adam optimizer, which uses a stochas-
tic gradient-based approach to update the weights and bi-
ases of the convolutional layers, as well as the learnable
parameters (gamma and beta) in the batch normalization
layers. The Adam optimizer adapts learning rates for each
parameter individually using first and second moment es-
timates, improving convergence stability and efficiency in
deep CNN models.43

Once training was complete, the convolutional neural
networks (CNNs) were evaluated using the entire synthetic
dataset to assess their overall performance for both back-
ground and transient source classification tasks. Their rel-
ative performance was measured based on several key met-
rics, including the final training accuracy they achieved,
which reflects how well the models fit the training data.
Additionally, the number of iterations required for the val-
idation loss to stop decreasing was analyzed, as this in-
dicates the point at which the models stopped improving
and potentially began overfitting. The number of iterations
was also used to gauge how fast the model learned. The
validation accuracy was also considered, providing insight
into how well each CNN generalized to new data during
model training. Finally, their overall accuracy on the entire

dataset was examined to determine their ultimate classifi-
cation performance across all available samples. By com-
paring these metrics, a comprehensive understanding of
each model’s strengths and weaknesses was obtained.

3. RESULTS

This research demonstrates that spectral subtraction pre-
processing enhances CNN classification performance by im-
proving generalization, increasing training accuracy, and
reducing the number of iterations required for validation
loss convergence. A comparison of CNN classification accu-
racy and training efficiency, as a function of the percentage
of training data used, is shown in Fig. 3.

While the highest validation accuracy was achieved by
the CNN model trained on the original dataset (92.4%)
compared to the spectral subtraction model (90.6%), the
spectral subtraction models exhibited a more consistent
improvement across all training dataset sizes. On average,
CNNs trained with spectral subtraction preprocessing
achieved a 3% higher validation accuracy, suggesting im-
proved generalization to unseen data. Furthermore, the
spectral subtraction models mitigated the accuracy drop
observed in the original dataset as the training dataset size
increased.

In terms of training accuracy, CNNs trained with spectral
subtraction data saw a more significant improvement com-
pared to those trained on the original spectrograms. On av-
erage, spectral subtraction models exhibited a 6.25% higher
training accuracy, further supporting the idea that this pre-
processing step enhances feature extraction for classifica-
tion. Additionally, spectral subtraction models demon-
strated increased training efficiency, converging 7% faster
than models trained on the original dataset. This increase
in training efficiency is particularly demonstrated when
comparing the models trained on 70% of the dataset, where
spectral subtraction models achieved comparable valida-
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Fig. 3. Comparison of CNN models trained on original and spectral subtraction (S-S) data.

tion and training accuracy but required 50% fewer itera-
tions to converge.

To evaluate how the models performed in classifying in-
dividual transient signal classes, this research compared
the confusion matrices of the best-performing spectral sub-
traction and original dataset models. Model selection was
based on validation accuracy, with the spectral subtraction
model trained on 80% of the training data and the original
model trained on 70% of the training data chosen for com-
parison. These models were then presented with the entire
dataset training, validation, and test dataset to determine
their overall classification accuracy. It was found that the
spectral subtraction model achieved an overall classifica-
tion accuracy of 90.7% whereas the original model achieved
a slightly higher 92.4% classification accuracy. As shown in
Fig. 4, this drop in overall accuracy was mostly due to the
propeller classification where it saw a drop in accuracy of
8.6% compared to the original model and often chose Heli-
copter and Jet classes. Further investigation into the noise
sources causing the propeller misclassification showed that
white noise and pink noise caused the majority of mis-
classifications. This trend held true when evaluating all of
the noise sources associated with misclassifications for the
spectral subtraction model.

4. DISCUSSION AND CONCLUSIONS

This work aimed to understand whether implementation of
spectral subtraction as a preprocessing step improved CNN
classification performance. It was observed that on average
the CNN model trained using spectral subtraction data did
perform better having higher validation and training accu-
racy while needing fewer training iterations to converge.
However, the CNN trained using the original data did pro-
vide the highest overall performance when comparing indi-
vidual models, it is believed that this is due to the way spec-
tral subtraction handles longer duration transient events
such as aircraft overflight. Where the algorithm could be
treating important learnable features of the aircraft over-
flights as a background source and passing these features to
background noise spectrogram representation. It was also
observed that the noise classes associated with the majority
of miss-classifications using the spectral subtraction mod-
els were due to the synthetic noise added to the models. It
is believed that this synthetic noise caused extensive mask-
ing at low frequency where most of the source classes have
predominant frequency content.

Building on these findings, future research will aim to
refine the spectral subtraction technique and investigate its
application to real-world passive audio recordings. Testing
this technique on diverse, real-world environments—rang-
ing from quiet backcountry sites to noise-heavy urban set-
tings—will allow for a comprehensive evaluation of the al-

Noise Control Engineering Journal 6


https://ncej.scholasticahq.com/article/142890-evaluation-of-machine-learning-performance-on-source-separated-passive-acoustic-recordings/attachment/296909.jpg?auth_token=xfQQxEkKA59_Z1sQsYe8

Evaluation of machine learning performance on source separated passive acoustic recordings

Spectral Subtraction Dataset

8000
Bird
7000
Helicopter 6000
w
& 5000
&5
3 speech
o 4000
=
=
3000
Jet
2000
1000

Propeller

Helicopter

Speech
Predicted Labels

Jot Propeller

Original Dataset

Fig. 4. Comparison of source classification accuracy using the best CNN models.

gorithm’s robustness in different acoustic conditions. This
will also assist in understanding how well it preserves tran-
sient events during the denoising process.

Additionally, further optimization of the spectral sub-
traction algorithm will be explored by examining how user-
defined parameters, such as the averaging window length
and noise estimation weights, influence the retention of
key features in transient signals. Having a deeper under-
standing of this process will help inform whether previously
defined transient events such as aircraft overflights are bet-
ter handled as background noise.

In conclusion, this research shows that spectral subtrac-
tion is a powerful preprocessing step that has measurable
improvements for CNN classification tasks. Spectral sub-
traction allowed the CNN networks to learn meaningful
classification features faster while providing higher accu-
racy classifications given larger more robust datasets.
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