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1. INTRODUCTION

In today’s urban environments, we experience many dif-
ferent kinds of sounds that we, as humans, can instantly
recognize and interpret. These urban sounds can include
the sound of construction work, vehicle horns, street music,
gun-shots, etc.

The ability to classify these sounds using Data Mining /
Machine Learning algorithms opens the door for many fu-
ture work and applications. For instance, self-driving vehi-
cles can use urban sound classification to augment the ve-
hicles understanding of its surroundings. If a vehicle can
accurately classify a vehicle horn, for instance, it can then
react to that sound if needed. Additionally, it can be used
in a magnitude of other applications such as security, law-
enforcement, and context-aware maintaining of noise-levels
in crowded areas.

In this project, we propose to apply a set of dif-
ferent data mining algorithms to an existing urban
sound dataset: https://www.kaggle.com/pavansanagapati/
urban-sound-classification, and then perform a survey of
the performance across the di↵erent algorithms. We plan
to make methodical comparisons among our di↵erent algo-
rithms in terms of their assumptions, parameter tuning pro-
cedures, and performance. Finally, we hope to gain enough
insight on the data and the domain of urban sounds, while
also attempting to apply our best performing algorithms to
newly recorded, real-world examples.

2. PLAN OF ACTIVITIES

2.1 Literature Survey

Environmental sounds classification has gained momen-
tum over the years. Early attempts have used signal process-
ing and machine learning techniques as wavelets filterbank
[6, 3], rule-based classifiers [10], SVMs and KNN [9], etc.
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These techniques use traditional audio features as cepstral
coe�cients, their derivatives, pitch, timbre, among others.
Recently, deep convolutional neural networks (CNN) were
applied on audio spectrograms [7, 5, 1, 4]. These approaches
claim to capture new patterns to distinguish di↵erent types
of sound, in which traditional audio features fail. Deep neu-
ral networks, however, are highly dependent on the size of
the dataset. Therefore, data augmentation techniques were
used in [7] a to overcome the data scarcity. Other approaches
proposed using transfer learning methods [2] where they pre-
train a model using large unlabeled sound and video dataset
to learn the low level features and then use the pretrained
model for the target task.

In this project, we plan to compare some of the di↵erent
learning techniques for environmental sound classification
and verify the assumption of CNNs superiority on traditional
techniques. We also plan to test the e↵ect of increasing the
dataset size by applying data augmentation techniques on
the learning task.

2.2 Data Collection and Preprocessing

UrbanSounds dataset was introduced with a sound tax-
onomy in [8]. The dataset contains about 18.5 hours of
real-world manually annotated sounds across 10 classes.
To construct this data, real recordings were collected from
FreeSounds (an online sound repository containing over
160K user-uploaded recordings) that correspond to urban
sound classes.

2.2.1 Original Dataset

UrbanSouns8K is a subset of UrbanSounds dataset orga-
nized for classification tasks. This dataset is composed of
short audio snippets with maximum duration of 4 seconds.
The dataset assumes a single sound source, so each segment
corresponds to a single class. To maintain uniform class
distribution, the audio snippets for each class are limited
to 1000 snippets. The total is 8732 labeled snippets (8.75
hours). The dataset provided in folders is divided into 10
folds.

2.2.2 Data Augmentation

We performed Data augmentation on the Original dataset
for two reasons:

• To evaluate the algorithms on more realistic audio files
rather than on the original dataset with less external
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noise.

• To increase the size of our dataset.

We used MUDA library for augmenting audio data files to
apply the deformers Pitch shift(to raise or lower the pitch),
Time Stretch(to change the speed or duration of an au-
dio signal without a↵ecting its pitch.), Background Noise,
Dynamic Range Compression(to reduce the volume of loud
sounds or amplify quiet sounds) to each audio file. We
wanted to analyze how adding these deformities to the au-
dio file would e↵ect the classification rate of algorithms. To
achieve this we maintained same feature extraction proce-
dure for both original and augmented dataset. Data aug-
mentation increased the size of our data by 10 times. Due
to resource limitation, we sampled only 10 percent of the
augmented dataset and added it to the original data. So
our augmented datset has double the size of the original
dataset.

2.2.3 Preprocessing

For both Original and Augmented datasets, we used a
70-30 split of data for training and testing purposes respec-
tively. For Cross Validation purposes,out of the training
data, we generated 10 folds. From these 10 folds, we itera-
tively selected 9 di↵erent folds as training data and tested
on the last remaining fold.

2.3 Feature extraction
To gain more insights on the data, we extracted di↵erent

sound features from the data. We wanted to have both 1D
and 2D features to test the data on various algorithms and
gain insights about how having di↵erent types of features
would e↵ect the performance of our algorithms.

2.3.1 1D Features

Based on our literature survey, we decided to extract those
set of features which represent frequency patterns in the au-
dio samples over time. Our goal was to identify the com-
ponents of the audio signal that are good for identifying
the linguistic content and discarding all the other like back-
ground noise, emotion etc. For this purpose, we selected four
di↵erent commonly used sound features. A brief description
of each of the 4 features is given below:

• MEL-Frequency Cepstrum Coe�cient- A repre-
sentation of the short-term power spectrum of a sound,
based on a linear cosine transform of a log power spec-
trum on a nonlinear MEL scale of frequency.

• MEL-Spectogram- An acoustic time-frequency rep-
resentation of a sound similar to MFCC. This feature
is directly extracted from MFCC with the only di↵er-
ence being that the spectogram is in MEL scale which
a human ear can recognize better.

• Chromagram- Chromagram also referred to as ”pitch
class profiles”, is a powerful tool for analyzing music
whose pitches can be meaningfully categorized (often
into twelve categories) and whose tuning approximates
to the equal-tempered scale.

• Spectral Contrast- Deals with the strength of spec-
tral peaks, valleys, and their di↵erence separately in
each sub-band, and represents the relative spectral
characteristics.

(a) Training Dataset

(b) Test Dataset

Figure 1: Class distribution among the training and test
datasets

We used a python library, Librosa, for extracting these
features for each of the audio sample in our dataset. Li-
brosa generated a one dimensional set for all the 4 features,
where each feature was mapped as frequency vs time. To
convert these features into 1 dimension, we extracted mean
of each feature values over time. As a result of this step,
we generated a total of 187 features extracted solely from
the audio samples. For each audio sample, the first 40 fea-
tures represented the MFCC values of the audio signal, the
next 12 features represented the 12 pitch classes of the chro-
magram, the following 128 features represented the MEL-
Spectrogram and finally the last 7 features represented the
spectral contrast values. We used these 1D features for the
implementation of our linear set of algorithms i.e. Logistic
Regression (LR) and Support Vector Machine (SVM) (de-
tails in Section 3).

2.3.2 2D Features

Apart from the 1D features, we also extracted two dimen-
sional features for our dataset. For the 2D features, we com-
puted the 2D spectrogram of each audio file. A spectrogram
is a visual representation of the spectrum of frequencies of a
signal as it varies with time. Similar to 1D features, we used
the Librosa library for generating the spectrogram images.
The size of each spectrogram image was 128x300 pixels. We
used these spectrogram images as input to our Convolutional
Neural Network (CNN) (details in Section 3).

2.4 Data Visualization
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 2: 2D representation of the di↵erent features extracted from audio files of two di↵erent sound classes namely ’dog bark’
and ’children playing’ (a) and (b) represent the MFCC of the sound signal for ’dog bark’ and ’children playing’ respectively.
MEL-spectrogram for ’dog bark’ and ’children playing’ is shown in (c) and (d) respectively. (e) and (f) show the Chromagram
of the two audio samples. Spectral contrast for the two samples is shown in (g) and (h).

To understand patterns in the data and the specially the
audio files we used various data visualization techniques.
Firstly, we wanted to make sure if there is a uniform distri-
bution of all the classes in both training and test dataset.
Figure 1a shows the representation of class label distribution
in the training dataset, while figure 1b shows the distribu-
tion for test dataset. Distribution from both the datasets
confirmed that we have more or less equal percentage of
samples with respect to all classes.

We also wanted to understand how the audio file fea-
tures look like and how di↵erent they are from each other
in terms of their features for two di↵erent audio files. By
plotting these 2D figures for our features we realized that
the frequency of audio signals over time di↵er considerably

for each of the two di↵erent class labels. Figure 2 shows
the 2D representation of our 1D features for two di↵erent
sound classes. We selected one audio sample labeled as ’dog
bark’ and another labeled as ’children playing’ for compar-
ing these features. We can clearly see that these two audio
samples di↵er in the 1D features.

For 1D features, we also wanted to understand what is
variation in the mean value of each feature for each di↵erent
class. Figure 3 shows the mean MFCC values for the var-
ious classes. For spectral contrast, we plotted the average
contrast value for the 10 classes in Figure 4. Apart from
the mean feature values, we also observed the most com-
monly occurring i.e. mode of our features for each of the
10 classes. For MFCC and spectral contrast, we observed
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Figure 3: Mean value of MFCC for each of the 10 di↵erent
classes

Figure 4: Mean contrast values for each of the 10 di↵erent
classes

that the mode value is the same for all classes. This mode
value was 1 for MFCC, while for spectral contrast, the con-
sistent mode value was 6. For MEL Spectrogram, we saw
a very diverse distribution over the 10 classes in the most
commonly seen value. Figure ?? shows the mode value from
the MEL-spectrogram for the 10 classes. As MEL spec-
togram closely aligns with human hearing, it probably only
confirms that how di↵erently we perceive the sounds of each
of the classes. We observed a similar pattern in mode values
for chroma feature. The mode value for chroma feature for
di↵erent classes is shown in Figure 6.

We also plotted 2D Spectograms, our crucial feature fed to
the Convolutional Neural Network model for di↵erent classes
i.e. ’street music’ and ’drilling sound’. Figure 7 shows the
2D spectogram of street music and Figure 8 shows the 2D
spectogram of drilling sound. We observed a clear visual
di↵erence in the spectograms of both the classes.

3. ALGORITHMS AND EVALUATION
We implemented Logistic Regression(LR) and Support

Vector Machine(SVM) Algorithms primarily to classify the
dataset using our 1d features. We implemented Convo-

Figure 5: Mode of maximum MEL-spectogram value for the
10 classes

Figure 6: Mode of maximum Chroma feature value for the
10 classes

Figure 7: 2D spectrogram of street music audio sample
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Figure 8: 2D spectrogram of drilling sound audio sample

lutional Neural Networks(CNN) to classify our dataset by
feeding spectogram images directly(2D). We also imple-
mented CNN by feeding it with 1 dimensional features ob-
tained by taking mean of 2 Dimensional features over time.
CNN with 1D features is implemented mainly to compare
it’s performance with the other linear models SVM and LR.

3.1 Logistic Regression
To implement this linear model as a multi-label classifer,

we used the sklearn library’s logistic regression. The stop-
ping criteria set is a iteration limit of 10000. Using a penalty
term of 1 and L2 regularization, sklearn’s logistic regression
gave an accuracy of 75 percent on original test dataset. We
also ran logistic regression on augmented dataset which is
double the size of our original dataset and achieved an ac-
curacy of 71 percent, a little less than what we got with
original dataset.

We also performed cross validation on the training data
by dividing the training dataset into 10 folds. Iteratively
using 9 of the 10 folds as training set and the other set
as test dataset, we ran logistic regression algorithm on the
original dataset using sklearn’s library. This again gave us 75
percent accuracy on an average for all the 10 iterations. We
can clearly see that we are not over-fitting the training data
as we have similar accuracy on both training data and test
data. Again, Cross validation gave us an average accuracy
of 69 percent on augmented dataset, which is the same as
the test accuracy on augmented test dataset confirming no
over-fitting of training data.

Figure 9 shows the confusion matrix of our logistic re-
gression model on the original dataset. Figure 10 shows the
confusion matrix for logistic regression model with the aug-
mented dataset.

Parameter Tuning: For our logistic regression model,
we also tried to tune the parameters. We used a randomized
search over di↵erent parameter values for maximum number
of iterations, inverse of regularization strength i.e. ’C’ and
di↵erent optimization algorithms including ’liblinear’, ’sag’,
’saga’, ’lbfgs’ solvers from the ’sklearn’ library. Despite us-
ing di↵erent parameter values, we observed that the perfor-
mance of our model stayed consistent. Therefore, parameter
tuning did not a↵ect the accuracies of our model much. The
reported accuracy values are when we tested our model with
the default parameters for optimization algorithm and ’C’
value with a maximum iteration limit of 10000.

Figure 9: Confusion matrix of Logistic Regression model on
Original Dataset

Figure 10: Confusion matrix of Logistic Regression model
on Augmented Dataset
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Figure 11: Confusion matrix of SVM model on Original
Dataset

3.2 Support Vector Machine
To implement SVM as a multi-label classifer, we used the

sklearn library’s svc with kernel parameter set as linear. The
stopping criteria is L2 normalization set as 0.001. Using a
penalty term of 1 and no limit set on maximum iterations,
sklearn’s svm.svc gave us an accuracy of 81 percent on orig-
inal test dataset. We also ran SVM on augmented dataset
which is double the size of original dataset and achieved an
accuracy of 78 percent, a little less than what we got with
original dataset. We observed a drop in accuracy when aug-
mented dataset is used which is similar to what we saw in
LR model.

Similar to LR, we also performed cross validation on the
training data by dividing the training datset into 10 folds. It-
eratively using 9 of the 10 folds as training set and the other
set as test dataset, we ran SVM algorithm on the original
dataset using sklearn’s svc library. This again gave us 82
percent accuracy on an average for all the 10 iterations. We
can clearly see that we are not over-fitting the training data
as we have similar accuracy on both training data and test
data. Again, Cross validation gave us an average accuracy
of 76 percent on augmented dataset, which is the same as
the test accuracy on augmented test dataset confirming no
over-fitting of training data.

Figure 11 is the confusion matrix for SVM on original
dataset. The confusion matrix on the augmented dataset is
shown in figure 12.

Parameter Tuning We tried to set an iteration limit
while running SVM algorithm on both original and aug-
mented dataset and observed that there is indeed a heavy
drop in accuracy. So we let it run until it converges instead
of putting a stop limit as L2 normalizer.

3.3 Convolutional Neural Networks
We also implemented a 2D Convolutional Neural Network

to test the classification accuracy on the 2D MEL spectro-

Figure 12: Confusion matrix of SVM model on Augmented
Dataset

gram features. The basic idea is that several patterns ex-
ist in the 2D MEL spectrogram for di↵erent sound classes.
These patterns might not be captured by the 1D features.
A 2D CNN would be trained to recognize these patterns and
extract the features that di↵erentiate the class labels.

We implemented the 2D CNN classifier using Keras li-
brary with Tensorflow backend. We tuned the parameters
and model structure on the training data. We used a sequen-
tial model with two 2D CNN layers, each with 32 filters of
size 3⇥ 3. We used ReLU as the activation function. After
each CNN layer, we used a 2D max pooling layer of size 2.
The purpose of the max pooling layers is to reduce the di-
mensions and consequently the computational cost. It also
helps with reducing the model overfitting.

On top of the CNN layers, we add two dense layers. The
first has 128 dimensions, followed by a drop out layer with
ratio 0.5. By dropping out some of the neurons during train-
ing, we again reduce the model overfitting on the training
data. The last dense layers has 10 units which is equal to the
number of classes. A Softmax activation function is used,
which outputs a probability distribution for the class labels.
A visualization for the model is provided in Figure 13.

For comparison, we also implemented a 1D CNN classi-
fier and train it on the 1D features. The structure of the
model is similar to the 2D model, except that we modify
the dimensions of the layers to fit the 1D features.

The results of the two classifiers are shown in Figure 16.
For augmentation in 2D, we used a 50% sample for resources
constraints. The results show that the 2D model achieves
0.6 accuracy on the original dataset and 0.72 after adding
the augmented data. The 1D model obtains higher accuracy
of 0.74 on the original data. The accuracy of the 1D model
was almost the same after adding the augmented data. We
justify the lower accuracy of the 2D model by its slow con-
vergence due to high dimensions. We also observe that the
accuracy of the 2D model was boosted by adding the aug-
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Figure 13: Visualization of the multi-layer 2D CNN model

Figure 14: Accuracy of CNN 1D and 2D models on original
and augmented dataset

Figure 15: Training accuracy and loss metric at successive
epochs for the 1D CNN model

mentation data, which shows that it is more capable of han-
dling audio distortions, so it can better generalize on real
world sound data.

4. INSIGHTS AND FUTURE WORK

4.1 Evaluation
The goal of our project was to classify urban sounds within

our dataset using various data mining algorithms. In our
proposal, we mentioned that our evaluation would be mainly
based on determining the performance of the three algo-
rithms i.e. logistic regression, support vector machine and
convolutional neural network (CNN). For this purpose, our
first step was to determine the performance of our models
on the test set sampled from the original dataset as well as
the original data combined with augmented data. We got
an accuracy of 75%, 81%, 60% and 74.6% from logistic re-
gression, SVM, CNN with 2D features and CNN with 1D
features respectively. For the augmented data, the accuracy
on the test set was 71%, 78%, 72% and 75% from logistic
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Figure 16: Training accuracy and loss metric at successive
epochs for the 2D CNN model

regression, SVM, CNN with 2D features and CNN with 1D
features respectively. Apart from this, we also performed
10-fold cross validation on our two datasets for the linear
classifiers. The reason for performing cross validation was
to determine if our models were over-fitting on the training
data. For the 10 folds, we got an accuracy of 75%, 83%
for logistic regression and SVM respectively on the original
dataset. For the augmented data, the cross validation ac-
curacies were 69% and 76% for the two classifiers. These
results confirmed that our models were not overfitting.

4.2 Observations
Running multiple algorithms on 1-Dimensional and 2-

Dimensional features gave us more understanding on how
these algorithms behave with di↵erent sets of data. We ob-
served how increasing the size of the dataset would impact
the performance of each algorithm. Mentioned below are
our observations and conclusions from each algorithm we
implemented.

Logistic Regression

• Parameter tuning did not help much in case of Logistic
Regression. The only parameter we set apart from the
default parameter values is iteration limit. We in fact
observed a drop in accuracy when we tried to modify
parameters.

• We saw a 4 percent drop in accuracy of augmented
dataset when compared to the original dataset. This
made us realize linear models might not perform as
well as we want them to be when the data is noisy.

Support Vector Machine

• Similar to the other linear model Logistic Regression,
parameter tuning on scikit’s SVM actually worsened
the algorithm’s performance. Setting a limit to 10000
on maximum iterations needed for the algorithm to
stop, gave us an accuracy of 51 percent which is a ma-
jor drop. So we proceeded with not setting any limit on
the iterations and we just let it run until it converges,
which definitely gave us a much better performance
with an accuracy of 81 percent.

Figure 17: Accuracy of LR and SVM models for Original
and AUgmented Datasets

• For SVM as well, we observed that accuracy dropped
for augmented data when compared to the original
dataset. From this observation, we concluded that
data augmentation does not really help linear mod-
els much. Linear models are better o↵ with classifying
clean audio files.

Comparison between LR and SVM models

• On comparing accuracies obtained from running
Logistic Regression(LR) and Support Vector Ma-
chine(SVM) models post parameter tuning, we ob-
served that overall our Support Vector Machine model
performed better than Logistic Regression model.

• We observed that both models performed better on
original data when compared to the augmented data
which shows the how sensitive both these linear models
are to noise in the sound waves.

Figure 17 depicts both the above observed behaviours.
Convolutional Neural Networks with 2D features

• The 2D CNN model gives di↵erent accuracy with dif-
ferent parameters and di↵erent model structure. Due
to the high dimensionality, the convergence time is
slow. Also due to resources constraints 2 CNN layers
were added. The model accuracy could be improved by
adding more layers or retraining more complex models
such as VGG for environmental sounds.

• We also observe that adding augmented data boosted
the accuracy of 2D CNN model, which shows the ca-
pability of this model to handle distortions and noise
in data. It also shows that due to high dimensional-
ity, this model requires more data to give the desired
accuracy, so there is a good chance to further improve
the accuracy by adding more data.

• We believe that this model would better generalize in
real world scenarios.

Convolutional Neural Networks with 1D features
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• The 1D CNN model shows better accuracy than the
2D model on the original data since it converges faster
than the 2D model. For augmentation data, the two
models have close accuracy values.

• Unlike the 2D model adding more data did not improve
the accuracy, which shows that the 1D model accuracy
is unlikely to improve above 75%.

4.3 Future work
Our observations show that the classification of Urban

Sounds could be improved by the following future directions:

• Adding more augmented data or adding other sound
datasets to get better generalization and improve the
deep learning accuracy.

• Adding more convolution layers to the 2D model and
training with more powerful resources for convergence
and tuning.

• Retraining or fine tuning existing large models such as
VGG for environmental sounds.

5. CONTRIBUTIONS
Table 1 details the contributions of each individual team

member. Apart from the below listed details, all of our team
members put equal e↵orts in documenting project proposal,
Final project report and preparing slides for project pitch
and Final project presentation.

Team Member Contribution

Reham Aburas

Feature extraction from
the audio files obtained from kaggle.

CNN implementation, Cross Validation,
Parameter tuning along with Aly Shehata.

Aly Shehata

Augmented dataset generation
from Original Dataset.

CNN implementation, Parameter-
tuning along with Reham.
Project pitch presentation.
Final project presentation.

Habiba Farrukh

Data visualization
along with Pavani.

LR implementation,Parameter-
Tuning, Cross Validation.
Final project presentation.

Pavani Guttula

Data visualization
along with Habiba.

SVM implementation,Parameter-
Tuning, Cross Validation.

Table 1: Contribution of Tasks
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