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Abstract

This paper analyses whether a convolutional neural network (CNN) or a long-short term memory network
(LSTM) is better at classifying monophonic sounds in the form of instruments. It further compares the
classification abilities of these networks against human intuition as a control group. We conducted an
experiment where both of the networks trained and tested on the same dataset consisting of 3456 one second
audio files spread across 15 different musical instruments. We made sure both models used the optimal
number of epochs to get the best results. As a control experiment we also asked 9 people to train and test on
a smaller dataset consisting of 15 training files and 50 test files. It was found that the CNN model had a
higher accuracy between 96.27% and 98.62%, as opposed to the LSTM model, which had an accuracy of
94.51% to 97.44% both with a confidence level of 95%. We further concluded that when trained on this
specific dataset both of these models outperform humans whom had an accuracy of 20.3% to 29.5% with a

confidence level of 95% on our specific dataset.

I. INTRODUCTION

Musical instrument classification is a diffi-
cult task, especially when needed applicable
to polyphonic data (data with multiple sounds
or instruments played at the same time). But
the foundation to solve polyphonic problems,
could be to solve monophonic (one sound)
problems with a high accuracy first.

To solve this, there are two essential neural
networks which need to be mentioned, when
talking about audio classification and the de-
velopment of an audio classifier. The Convo-
lutional Neural Network (CNN) and the Re-
current Neural Network (RNN), specifically
the Long Short-Term memory (LSTM) model.
CNN is primarily used for classifying images,
but when sound is converted to a spectrogram,
the model has been proved to achieve fine
classification results. An LSTM model varies
slightly from the general RNN model, with the
implementation of forget gates, which sorts out
irrelevent data.

In this paper we focus with a monophonic
approach on classifiyng instrument audio data,
through a deep learning pipeline. Our research
question is: Which of the two types of neural
networks, the CNN or the LSTM,, is better at
classifying instrument audio data?

As an LSTM based model is typically seen
as the better network when classifying audio,
we hypothesise that an LSTM based model
is slightly better than a CNN based model at
classifying musical instrumental data, hence
we operate on sequential data. Furthermore
we also expect both networks to outperform
humans who have no profound knowledge of
musical instruments.

II. METHODS

In order to answer the research question and
test our hypothesis, we have found a pre-
existing code [1] which includes both a CNN
(in 2-dimensions) and an LSTM Network both
operating on the audio data using the Kapre
and Tensorflow library [2]. We briefly men-
tion the architecture and parameters of the two
models, to state the differencd}

The CNN model has 14 layers, with the first
layer as a normalization layer to standardize
our data with zero mean, afterwards comes
six activation functions; firstly a convolutional
-tanh, four -ReLU and one softmax layers, with
four maxpooling layers inbetween the activa-
tion functions. The last layers are two dense-,
one dropout- and one flatten layer.

The LSTM model is constructed with a total
of 12 layers, starting as the CNN model with a
normalisation layer, then two timedistributted
wrapper layers, and a bidirectional layer. The
LSTM model has one less activation function,
then four regular densely-connected NN layer
activation functions, one with -tanh, three -
ReLU and also a softmax layer. Finally the
LSTM also got a concenate-, maxpooling- and
a dropoutlayer. For optimization, both of the
models use the Adam algorithm.

We initialise our experiment with the same
hyperparameters: 128 mel frequency spec-
togram bins, a sampling rate at 16 kHz, 512
FFT samples, a window length of 25 ms and a
step size of 10 ms [6].

We operate on a monophonic dataset consist-
ing of 15 different musical instruments; cello,
clarinete, contrabass, flauta, guitar, hi hat, oboe,
alto saxophone, soprano saxophone, trombon,

1See appendix, fig. [2|and [3|for more information.
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trompa, trompet, tuba, viola and ViolinEI Our
dataset consists of 2511 files of different time
lengths.

In order to train our models to be able to
classify these 15 instument classes, we first re-
move noise via a signal envelope. The signal
envelope removes low magnitudes below the
threshold we set equal to 100. Afterwards, we
downsample the audio files and split on delta
time one second. This gives us 3456 audio files.

Signal Envelope, Threshold = 100
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Figure 1: Signal Envelope visual of a hi hat.

First we compute the sample size we need
to test our models on when we want a confi-
dence level of 95% and 2% margin of errorE]
Via our pilotstudies we have a proportion of
approximately p = 92%.

g2 092 (1-092)

n=1 0.022

~707 (1)
Based on this sample estimate we randomlyﬁ
remove 20% of the 3456 audio files, meaning
that we test our two models on the same 692
audio files, which neither of the models have
encountered before.

We divide the remaining traning data so that
we train on 90% and validate on 10% of the

214 of the 15 categories are from Kaggle[3]. We added
the hi hat category[4] to have a more differentiated dataset,
hence the existing data set mainly consists of instruments
of the brass family (trompets etc.) and the string family.

3 All statistical formulas are from course material.

“We have build this into the existing code In 90 train.py.
See appendix, tab. [I|for another random state that gives
the same final accuracy of the models (within the margin).

data. To determine when to stop training our
models we plot the training loss and valida-
tion loss as functions of number of epochs. We
found that the CNN model starts overfitting
after approximately 100 epochs. The LSTM
model starts overfitting after approximately 70
epochsE] However, we see unusual spikes in
these plots; sometimes the loss is unusually
high (and the accuracy unusually low) for a
single epoch. Then the curve continues the
decreasing tendency. The spikes are not pe-
riodical, and we suspect them to be a result
of using the Adam algorithm. However, our
algoritm is designed to only update the models
when the loss is decreasing. This means that
our model "ignores" the spikes.

However, we seek to find the optimal num-
ber of epochs to train each of the models on,
which is difficult to read off the loss curve that
is frequently abrupted by spikes. The Adam
algorithm optimizes by loss so we continue to
do this. Thereby, we take the average of 10 runs
of both the CNN and LSTM to find an average
loss curveﬂ On average the optimal number
of epochs for the CNN model is around 100
epochs. For the LSTM the optimal is around
61 epochs. This is the estimated number of
epochs to optimaly train our models on.

Setting up the experiment with humans

To check if our two neural networks outper-
form humans, we test how well humans with-
out profound musical knowledge classify in-
struments. First, we calculated the needed sam-
ple size, with a confidence level of 95% , and
with 2% margin of error

2. 0.95-(1—-10.95)
0.022
To estimate this sample size we created a sur-
vey with 50 randomized instrument audio files
[5], and made 9 people fill out the surveyﬂ
which gives us a sample size of 450, which
is close to the calculated sample size of 457.
We chose our participants among our fami-
lies and friends. We know that none of the
5See appendix, fig. 4
%See appendix, fig. and@

7See Sporgeskema.pdf

n=19 ~ 457 (2)
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asked participants have any musical education,
however their musical instrumental knowledge
may Varyﬁ To give the participants the same
understanding of these 15 instruments, they
get to train on one audiofile from each cate-
gory before we test them.

Methods used when analysing the results
We test our final models on the same 692 files’]
and record which files the two models classify
as which instrument. Thereby, we collect data
of the total number of files classified correctly,
along with which instruments the two mod-
els often misclassify. We visualise this with
confusion matrices.

We find that our proportion, p, is greater
than 90% for both the LSTM and the CNN
model. Therefore, we calculate the confidence
level with a correction, using the Agresti-Coull
interval when we compute the accuracy of the
models:

_ 51— 7
5+1.96- E%;fﬂ 3)
Where 42
~ ‘n
B pn +4 @

We calculate the confidence level of the human
survey with the formula:

p+1.96- Eﬁiﬂl (5)

III. REsurts

When the LSTM network and the CNN
network classify the same 692 audio files we
get the test accuracy of the two networks. The
accuracy and the number of correctly classified
files are listed for the models in the following
table:

Correct files
LSTM | 666
CNN | 684

Interval Accuracy
94.51% - 97.44%
96.27% - 98.62%

8See appendix, fig.
9See predict.py

For the LSTM model

The LSTM model classifies the 15 instruments
correctly with an accuracy of 94.51% to 97.44%
with a confidence level of 95%/17 Below we see
a normalized confusion matrix for the LSTM
network.
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For the CNN model

The CNN model classifies correctly with an
accuracy of 96.27% to 98.62% with a confidence
level of 95%.
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Results from survey: 9 participants answered
450 questions in total, with 112 correctly

10please notice that the confusion matrices are normal-
ized, and therefore the number of files in each category
varies - however the distribution between the two networks
are the same for each category.
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classified instruments. Hereby the sample
estimate of the accuracy is nearly 25% right
answers. When we compute the confidence
level (formula [5) we get that with a confidence
level of 95% its possible to say, that a human
answers between 20.3% and 29.5% correctly
when classifying one second audio clips of
instruments]ﬁl

Confusion Matrix (in percent), human survey, 50 files
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When the CNN and LSTM classify the 50
audio files, both models get 100% accuracy,
confusing no instrument with anotherm

IV. DiscussioN

Both of the networks have a remarkably high
accuracy on this dataset. The CNN network
have an accuracy of 96.27% to 98.62%, whereas
the LSTM model have an accuracy of 94.51%
to 97.44% with a confidence level of 95%. The
CNN network turned out to be better than
the LSTM network, in almost all instances, but
when looking at the intervals it is important
to realize that there is a probability that the
LSTM network peforms better, as the higher
bound of the LSTM network, 97.44%, is greater
than the lower bound of the CNN network at
96.27%. To summarise, the CNN model is still
generally better, differing from our hypthesis
expecting the LSTM model to be better.

" Notice, no viola in test-set cause of randomization.
12See appendix, fig.

- 100

The CNN and the LSTM

The CNN model classifies 9 of 15 categories
100% correctly. On the contrary the LSTM
model classifies 3 of 15 categories 100% cor-
rectly. Both models are unable to classify the
flauta, guitar, both saxophones and the viola
correctly with 100% accuracy. However the
accuracy is still above 90%. It would be un-
derstandable for humans to have a hard time
differentiating between the alto saxophone and
the soprano saxophone, but both the CNN and
LSTM confuse the saxophone sound for com-
pletely different instruments; flauta and the
guitar.

In our hypothesis we state that we expect
the LSTM model to perform better on instru-
ment classification because former studies have
shown that the model performs better on se-
quential data. This experiment indicates the op-
posite. By our results, it is shown that the CNN
has a sligthly higher accuracy interval than the
LSTM, therefore to be able to conclude that
the CNN is in fact the optimal model for other
kind of similar data, other perspective needs
to be accounted for. The CNN model needs
nearly twice the amount of iterations/epochs
before reaching optimal perfomance than the
LSTM, and it takes approximately double the
time to train the the CNN model{*’| Both prob-
lems need to be addressed, because time and
computational power are finite ressources. The
architecture of the models might have an im-
pact as well even though the models have ap-
proximately the same parameters, however the
construction of the two different types of net-
work differ.

Data handling

We have only trained the models on this
specific dataset, so it is possible to question
whether our two models would fit quite as ac-
curate on another test-set or another dataset.
Another issue with our data handling, is that
the trained models have a chance of containing
our 50 test files in the training set, because of
the way we first subtract the 50 files, and after-
wards decide how to split in train/validation

13See appendix, tab.
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and test. This could be an explaination to why
the CNN and LSTM correctly classify all 50 test
files. Therefore the comparison might not be
equalE] As shortly mentioned in methods, we
observe "spikes" in some epochs when training
our models. The spikes seem to be unavoidable
when using Adam in our models, because of
the Mini-Batch Gradient Descent (MBGD) [7].
MBGD creates a random validation set, and
sometimes it indicates with spikes, that it gets
a really bad randomization, hence an epoch
where e.g. no hi hats are in the training but all
put aside for validation. We still account for
the spikes, when we train on another dataset

[1].

Human questionnaires

With only few ressources available, the survey
test for our human test group, contains poten-
tial biases and issues. Though the survey con-
tains issues, we thought it would give a good
indication of human capabilities to categorize
these audio clips, even though our results are
questionable. In the survey, we assume that
the same 50 randomly chosen test files on 9 dif-
ferent people, are able to count as 9 - 50 = 450
samples. For future research we would prefer
to have random chosen files for each person,
so that we test on a wider aspect of the full
dataset, and avoid especially difficult files each
time as a bias. Furthermore, we would want to
have at least 30 participants taking part in the
survey, because 9 participants are not enough
for a broader statistical saying. Other prefer-
ences would be that each participant had fewer
files to classify, because of fatigue. This would
result in at more realistic view on the generel
person. Last but not least, the participants had
a hard time recognizing the instruments with
only one second audio files, and therefore a
longer audio file might haven given the hu-
mans a better chance versus our models. Even
though our participants did not get close to
the models score, they did not classify ran-
domly hence we do not see that they classify
with evenly percentages (figure 4). However
for some instruments it seems that some of

14See appendix, fig.

the participants have been guessing randomly
e.g. the saxophone has a slightly evenly guess-
ing rate distributed over all 15 instruments.
We wonder if the participants find it easier to
classify e.g. the guitar (88.9% accuracy) and
the hi hat (77.8% accuracy) as these are more
common and recognisable instruments. Per-
haps this could be the reason why it indicates
guessing in the saxophone category, simply
because the participants were unfamiliar with
this sound (even though they could compare
with the training file).

Why audio classification is important

In this experiment we classified monophonic
sounds using an LSTM and a CNN network,
but in the real world polyphonic sounds are
more common. Audio classification in more
general terms is actually in use in many dif-
ferent technologies today. Spotify generates
playlists based on music genres and when Siri
recognises our voice on our phones. For tech-
nologies such as these, accuracy is imperative,
and using the right models and neural network
is key for getting the best user experience. An
interesting further experiment could be to test
how well the LSTM and CNN model would
perform on a polyphonic sounds. Therefore
experiments such as this one, that at a first
glance can seem quite limited, actually have
more real life applications than what one might
first think.

V. CONCLUSION

By conducting this experiment and after
analysing the results, we can conclude that
when it comes to classifying instrument au-
dio data the CNN model had an accuracy of
96.27% to 98.62%, whereas the LSTM model
had an accuracy of 94.51% to 97.44%, both with
a confidence level of 95%.

Thereby this study shows that the CNN
model on average is slightly better than the
LSTM model at classifying instruments, de-
spite our initial hypothesis. Of course, this is
only based on the experiments we performed
on this specific dataset.
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We can furtherly conclude with statistical
certainty that Al is better than non-musical
educated humans at classifying instruments,
independent of which of the two models we
used, as the humans answered correctly with
an accuracy between 20.3% and 29.5% with a
confidence level of 95%.

VI. LEARNING OUTCOME

During this project we have experienced the
hard workflow when designing an experiment,
as we had to change our research question and
hypothesis multiple times throughout the de-
signing process. We have encountered new
kinds of neural networks and methods. Over-
all we have gotten a better understanding of
how to implement code in practice. It has been
difficult handeling all the aspects of this project,
as this process is still new to us. It has also at
times been difficult for all of us to work effi-
ciently at the same time, as we have different
skillsets that are useful in different parts of the
process. Some of us have been working hard
on getting the code to work, designing the ex-
periment with all the methods and statistics it
entails, whereas others have participated more
during the writing process. There has, unfortu-
nately, been a difference in the amount of time
and energy put into the project.
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VII. APPENDIX

i. Architecture

def LSTM(N_CLASSES=15, SR=16000, DT=1.0):
input_shape = (int(SR*DT), 1)
1 = get_melspectrogram_ 13veri1nput shape=1nput_shape,
n_mels=128,
pad_end=True,
n_fft=512,
win_length=480,
hop_length=168,
sample_rate=SR,
return_decibel=True,
input_data format=
|'.'1L4_|l|.
LayerNormalization(axis=2, name='batch_nc ]Il output]
TimeDistributed(layers. pe((-1,)), name=
TimeDistributed(layers.D (64, activation='t
name= 1) (%)
] a . return_sequences="ue),

s.concatenate([s, xI, [ _
Jense (64, actiuatlon— , name="d relu') (x)
MaxPoolinglD(name="ma I_1d")(x)
;.Dense (32, activatilon= u', name='dense 2 relu')(x)
Flatten(name='flatten
Dropout(rate=0.2, name='dropout')(x)
.Dense(32, activation='rely
activi regu]arluer 12(8.001),
name= L
o = layers.Dense(N_CLASSES, activation='softmax
model = Model(inputs=i.input, outputs=o, name="'I
model. comp11eﬁ0pt1m

Figure 2: LSTM model
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hop 1ength
sample_rat
return_decibel=T

rNormalization(axi
(8, kern

n\thlu, hrme
MaxPooling2D (pool
nv2D(16, kerne 3 activation
) paddin
activation

Lay
1
1
1
1
1
1
1
1
1
1
1
1
1

Figure 3: CNN model
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Figure 4: Overfitting both CNN and LSTM. Notice the spikes in both plots as well.
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iii. Accuracy Table for different random state

Threshold = 100

Accuracy
Epochs | Random state = 0 | Random state = 1
LSTM 61 p =95.26% p = 95.98%
93.18% - 97.34% | 94.51 % - 97.44%
CNN 100 p =98.42% p = 98.56%
97.20% - 99.64% | 96.27% - 98.62%

Table 1: Accuracy of random state 0 and random state 1, with a 95% confidence level.

iv. Questionnaries

Middel Median Interval
12,44/50 point 11/50 point 6-24 point

Fordeling af samlet pointantal

# af respondenterne

0 5 10 15 20 25 30 35 40 45 50
Antal scorede point

Figure 5: Results from questionnarie. The 9 participants, Interval, mean, median, correct answers.

v. Computational time

We measure the computational time on computerl and on computer2.

Computational time
61 epochs 100 epochs
9 min 35 sec 15 min 55 sec
18 min 32 sec 30 min 56 sec
20 min 30 sec 33 min 30 sec
42 min 10 sec 1 h 9 min 50 sec

LSTM

CNN

Table 2: Computational time. Training time of the LSTM and the CNN models for two different computers.
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Vi.

Accuracy

Loss

12

Average accuracy and loss
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Figure 6: Avg. over 10 runs, validation accuracy, both the CNN and the LSTM.
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Figure 7: Avg. over 10 runs, validation loss, both the CNN and the LSTM.
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vii. CNN and LSTM correctly classify all 50 files, confusion matrix

Confusion Matrix (in percent) - LSTM & CNN, 50 files
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Figure 8: Confusion Matrix, the CNN and LSTM, 50 files.
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viii. Confusion matrixes already presented in the report

Confusion Matrix (in percent), human survey, 50 files

Cello

- 100

Clarinete
Flauta
Guitar
Hi Hat

Kontrabas
Oboe

Sax Alt.
Sax Sop.
Trombon
Trompa
Trompeta

Tuba

Viola -

Violin

Tuba
Viola
Violin

'
m
L
=]
=
o

Cello

c
o
0
E
=]
1S
=

Trompeta

0
n
o

=]
M
=

)
c
=]
3

Figure 9: Confusion Matrix, human survey, 50 files.
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Confusion Matrix (in percent) - LSTM
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Figure 10: Confusion Matrix, LSTM network, 692 files.
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