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Rasmus Gyllenhammar & Christo er Lennernas

Department of Electrical Engineering
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Abstract

This report explains the implementation, design and testing of the core function-
alities of Shazam. Shazam identi es songs by capturing short audio segments and
matches them against a sizeable database. The program is coded in Python and
with MySQL for the database. To perform tests, both audio les and a microphone
are used to catch the samples of the songs. The results of the project are deemed
successful as it can detect songs from a 10 second sample of a song. In conclusion,
the project demonstrates a strong foundation to continue developing the project to
simulate Shazam.
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Introduction

1.1 Background

In 2002, Shazam was created [1] allowing users to identify music with their mo-
bile phone, even in noisy environments. Back then, before smartphones, Shazam
worked by dialing the number 2580 and letting it observe and obtain a sample of
the song during approximately 15 seconds. Consequently, it searches for a match
in the database and would then send a SMS back with the name of the artist and
album.

Nowadays, with the use of smartphones, Shazam has been turned into an app and
has over 1 billion users and a database with over 10 million songs [2].

1.2 Purpose

This project delves into the realm of audio processing and pattern recognition used in
Shazam. It involves simulating the functionality of Shazam. Shazam employs acous-
tic ngerprinting techniques to recognize songs based on short audio clips.

The primary objective of this project is to develop a software simulation that em-
ulates the core functionalities of Shazam. This implies implementing algorithms for
audio ngerprinting, time-frequency analysis, and matching techniques. The simu-
lation should be capable of identifying songs from partial audio samples (around 5
to 10 seconds).

It would be highly bene cial to implement a database system to store and retrieve
audio ngerprints e ciently.
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1.3 Objective
The objectives of the project are:

Read an audio le of a song.

Process the audio le, retaining only necessary information to minimize data
usage.

Implement ngerprinting to nd a unique representation for each song.
Develop an e cient method for searching and storing ngerprints.
Generate ngerprints for the songs.

Create a database and store the ngerprints.

Develop a function to compare and score the similarity of ngerprints.

The following gure shows the system overview of the project.

Figure 1.1: System overview.

1.4 Delimitations

This project have some delimitations due to di erent circumstances. The program
that will be created will not have its main focus on to optimise the project's time
performance. Due to time constraints, the emphasis will be on creating the core
functionalities. Additionally, the project will have a smaller size database compared
to the original Shazam since it is a signi cantly amount data to be stored on a
laptop.
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Theory/Background material

This chapter contains the essential information about audio processing, program-
ming and background material which is vital to both understand and carry out the
project.

2.1 Description of Audio processing for this project

Audio processing is a fundamental part in this project and this section will explain
the details and important techniques in audio processing.

2.1.1 Fast Fourier Transform

Since a computer cannot store an in nite number of points, the signal needs to be

sampled and represented with discrete values [3]. The rate at which this song is
sampled is called the sample rate. This process involves converting the continuous
signal into discrete bits for storage.

Fast Fourier Transform (FFT) is a mathematical technique used to transform a
sequence of discrete samples of a signal from the time domain into the frequency
domain [3].

In practice, audio signals
are composed of many dif-
ferent sound waves with
di erent frequencies. When
applying FFT on the au-
dio signal, it converts it
to the frequency spectrum
containing all the frequen-
cies of the audio waves.
Additionally, it helps dis-
tinguish the frequencies of Figure 2.1: Shows a noisy audio signal in the time-

the audio signal apart from gomain (top) and frequency-domain (bottom).
noise [3]. Figure 2.1 shows

an example of FFT on a sinus signal with some noise.

The sinus signal has a frequency &0 Hz and random noise is added in the rst
graph in Figure 2.1. Consequently, it is unclear what frequency component the sinus
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signal has due to the noise in the time domain. By contrast, the second graph is the
same signal but in the frequency domain and it displays the sinus signal's frequency
component clearly.

2.1.2 Spectrogram

When there is a sound, it generates
waves through the air which is per-
ceived as sound [4]. As you listen
to a song, these vibrations change
in speci ¢ patterns over time, which

your brain interprets as music. A

spectrogram provides a visual rep-
resentation of these sounds, re ect-
ing the way our brains perceive
them.

A spectrogram isathree-dimensionallzIgure 2.2 Spectrogram of song Baby Ele-

. phant
graph where the x-axis represents
time, the y-axis represents frequency, and the z-axis represents magnitude. The
z-axis is depicted using color intensity [5][6]. Figure 2.2 shows a spectrogram of the
song Baby Elephant. Yellow/Light green means it exists high magnitude at that
point in the song. Meanwhile, the blue color represents low magnitude [6].

To create a spectrogram [6], the audio signal is divided into segments, and an FFT is
applied to each segment, see Figure 2.3. The results of the FFT for all segments are
then combined to create the spectrogram. The size of the segments can be adjusted as
well as the overlap between the segments [7]. Larger segments simplify computations
but sacri ce accuracy. On the other hand, reducing segment size enhances accuracy
but increases computation.

Figure 2.3: Converting audio signal from time domain to a spectrogram.

To divide the audio signal into segments, a windowing function is applied to isolate
each segment by Itering out parts of the signal outside the segment. This process
is known as windowing [3]. Because the windowing process is not perfect, some data

4
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can be Itered out that are not supposed to. Therefore, the segments can be adjusted
to overlap with each other to ensure that no samples are lost when lItered [7].

2.2 Maximum lter / Pooling layers

A maximum lter is frequently used in image processing. A maximum lter high-
lights the key features in an image. It operates by scanning through the image pixel
by pixel and changes the currently scanned pixel's value with the maximum value
within a de ned neighbourhood boundary [6]. A neighbourhood boundary is the
region around the currently scanned pixel. Additionally, the maximum Iter have a
setting controlling the size of the neighbourhood box. The pixel's value depends on
if it is a light or darker color where lighter pixels have higher numbers [6]. Figure 2.4
illustrates an example of how a maximum Iter works.

Figure 2.4: Functionality of maximum lter.

In Figure 2.4, each square is a pixel containing its initial value. Figure 2.4 also
displays setting a neighbourhood boundary around every pixel. Within each neigh-
bourhood boundary, the maximum Iter searches for the maximum values and places
those values in a new table.

2.3 Hash, Hashing and Hash Tables

Hash: A hash is a xed-size string or number generated from input data of variable
size, representing the original data uniquely [9].

Hashing: Hashing is the process of converting input data into a xed-size hash
using a hash function [9]. This technique serves multiple purposes. In the context of
this report, hashing is used to enable fast data access in data structures like hash
tables, where hash values function as indexes.

In python, there is a built-in hash function hash() [9][10], Figure 2.5 illustrates an
example how it can be used.

Figure 2.5: The in-built Python hash function hash() is used to generate a hash.
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As stated earlier, the hash value produced is unique as it will only be produced for
the same input without fail [9][10].

Hash Table: A hash table is a data structure that allows for fast data retrieval
by using hash values as indexes [11]. It consists of an array in which data is stored,
and a hash function that maps input data to a specic index in this array. The
primary advantage of hash tables is their e ciency in search, insertion, and dele-
tion operations, typically achieving these operations in constant time, meaning the
performance remains consistent regardless of the hash table size.

2.4 Description of essential libraries in python

The following list contains the essential packages for this project:

A

Numpystands for numerical Python which is an computational library. It con-
tains mathematical functions that help in computing numerical data [12].

SciPy: This package is built on NumPy. SciPy provides signal processing, op-
timatizion and read functions. It contains functions such as FFT, spectrogram
and wave le reading [13].

UnitTest : is used to assess the code's functionality by breaking down the
code into smaller segments. These tests are called testcases for each small
code segments and every testcase will provide a result showing if the code is
working or not [14].

TQDMlisplays a progress bar in loops. It also displays the amount of time it
takes for the program to run [15].

JavaScript Object Notation :JSON is a syntax for storing and exchanging
data. The JSON data is formed with key/value pairs, where each key is a
string describing the value [16].

Iteration-utilities . It can iterate through an object and count how many
attributes there are and how many of each attributes exists [17].

" Matplotlib : A library used to create visualization in Python. With the help of
this package, it is possible to create static, animated and interactive plots[18].

PyAudio: O ers convenient functionality for playing and recording audio across
di erent platforms, including GNU/Linux, Microsoft Windows, and Apple ma-
cOS [19].

Mysql.connector : Is essential in order to be able to connect to MySQL
database. It is also used to interact with the MysQL server to work in the
database through Python [20][21].

2.5 MySQL - Database

MySQL is an open source SQL database management system. It is used to add
and access data stored in the database. Additionally, MySQL works by processing
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requests (queries) from the client's devices or applications to the server, a con g-
uration referred as client/server system. Moreover, MySQL uses Structured Query
Language (SQL) to communicate with the database [21].

MySQL databases are relational, meaning the data are stored in tables with rows
and columns instead of one big storage space [21]. This approach gives a exible
environment in the database. The user can create own regulations/directives inside
the database through relationships between the data. Consequently, the database
will follow these set of rules making the database consistent. Additionally, MySQL
databases can handle a lot of data e ciently and it is also scalable.
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Method and System Overview

The method chapter describes the system overview and methods used in the project.

3.1 Extracting an Audio Signal

Initially, a song was needed to be loaded into the program from an audio le, and
its corresponding spectrogram was plotted. However, the graph contained excessive
data and therefore only the peaks were retained. This transformed the graph into a
distinctive pattern, similar to a star map or constellation map. Each star in this
pattern represented the loudest sound at a speci c moment in the song, enhancing
its distinguish ability from background noise.

Furthermore, the program included a functionality for recording audio directly from
the computer's microphone and saving the recorded audio le on the computer.

3.2 Fingerprinting

The data extracted from the constellation map underwent a process known as n-
gerprinting. This involved using a hash function to create unique hashes based on
the information derived from the constellation map. By utilizing the local peaks
identi ed in the constellation map, these hashes served as compact representations
of the song's acoustic characteristics. The ngerprints were then stored in a database
for future recognition purposes.

3.3 Database Management

E cient management of the database is crucial for handling the large amount of n-
gerprints and associated metadata for various songs. Therefore, SQL database was
used due to its scalability and e ective data retrieval. This approach optimized stor-
age and retrieval operations and improved the overall performance and e ectiveness
of the system.

3.4 Matching

The main component of the audio recognition system was its ability to match
recorded songs with their corresponding ngerprints stored in the database. The au-
dio recognition algorithm systematically compared the characteristics of the recorded
song with all available ngerprints, identifying the most closely matched ngerprint
and retrieved its associated metadata.
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3.5 Testing and Program Assessment

To ensure the e ectiveness and reliability of the program, testing and assessment was
conducted. Experiments was designed to evaluate the accuracy, response time, and
matching capabilities of the program. By utilizing the microphone from the computer

to record songs, the performance metrics such as response time and the number of
hashes used for comparison are measured. These tests provided valuable insights
into the program's performance and helped to identify areas for improvement.

10
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Implementation

In this chapter, the implementation is presented and discussed in detail.

4.1 Reading an Audio File

The rst step was to be able to read an audio le into Python.

Figure 4.1: System overview.

The read_wav function is designed to read an audio le in WAV format with a
standardized sample frequency o8 000 kHz ensuring consistency across di erent
audio les. Below is an explanation of each step involved in the function.

File Conversion: The audio le specied by filepath is given as a parameter.
The function begins by converting the input audio le to a single-channel (mono)
audio signal with the standardized sample frequency @8 000 kHz This was done
using the AudioSegment.from_file method from the pydub library.

Processing Audio Signal: The raw audio data from the converted audio segment
was then extracted and converted into a NumPy array of 16-bit integers. This was
achieved using thenp.frombuffer function, which reads the raw audio data and

converts it into a format suitable for numerical processing in Python. The resulting
audio_signal array contains the audio samples of the converted audio le.

11



4. Implementation

Segmenting the Song For testing purposes, two parameterstop and start , were
introduced to enable the segmentation of the song to simulate a recording.

Additionally, a function was created to initiate recording using thePyAudio library
upon execution. This function is speci cally designed to capture audio for the next
10 seconds. Subsequently, it generates a corresponding 10-second audio le.

4.2 Extracting an Audio Signal

Next step was to extract the audio signal. The point of this was to reduce the data
used to make the algorithm more e cient.

Figure 4.2: System overview.

4.2.1 Create Spectrogram Function

The create_spectrogram function generates a spectrogram from a given audio
signal array. The spectrogram represents the signal's frequency spectrum over time,
which is useful for analyzing the frequency content of the signal.

Function De nition: The function takes the following arguments

N

audio_signal , which is the audio signal data from theread_wavfunction.

nperseg, the number of samples per segment for the Short-Time Fourier Trans-
form (STFT). This project used 1024.

noverlap , The number of samples to overlap between segments. This project
used 512.

Spectrogram Calculation:  The function uses thespectrogram function from the
scipy.signal module [22] to compute the spectrogram. The function returns the
spectrogram matrix (Spec).

12



4. Implementation

4.2.2 Peak detection

The peak_detection function was
designed to identify signi cant local
maxima in a spectrogram.

Below is an explanation of each step
involved in the function.

1. Application of Maximum
Filter: The function begins
by applying a maximum lter
to the input spectrogram us-
ing the maximum_filter func-
tion from the scipy.ndimage
module. This Iter enhances
the local maxima within the
spectrogram, making it easier
to identify signi cant peaks.

Along with the input spectro-
gram, the size of each FFT
window is set to 1024, deter-
mined by the Iter parameter
PEAK _BOX_SIZE

The ltered spectrogram is re- Figure 4.3: Demonstrates how local maximas
turned, which highlights the are ampli ed.

local maxima.

2. Boolean Mask and Local Maximas: A boolean mask,peak_mask was
created by comparing the original spectrogram with the Itered spectrogram.
Each element inpeak _masks set to True if the corresponding element in the
original spectrogram has the same value as in the ltered spectrogram, and
False otherwise.

The coordinates of theTrue values in peak _maskextracted and stored to
X_peaks y_peaksrespectively, representing the indices of the local maxima in
the spectrogram.

Figure 4.4: Spectrograms with their peak positions marked as red dots. Note that
the peak positions are the same in both spectrograms.

13



4. Implementation

3. Threshold Filtering:  The peaks are Itered based on a prede ned threshold.
Only peaks with values greater than this threshold are considered signi cant.
The thresholded _peaks variable indicates which peaks meet this criterion.

4. Returning Filtered Peak Coordinates: The function returns the coordi-
nates of the signi cant peaks that meet the threshold criterion. These coordi-
nates are the column and row indices of the signi cant peaks in the spectro-
gram.

4.2.3 Create Constellation Map Function

The create_constellation_map class
method generates a constellation
map from an audio le, utilizing all
preceding functions to create a con-
stellation map as depicted in Fig-
ure 4.5. This map visually repre-
sents the prominent peaks in the
spectrogram.

1. Reading the Audio File:
The method starts by read-
ing the audio le specied
by filepath . It retrieves the
audio signal data, potentially
trimming it to the specied
time range de ned by start
and stop . Figure 4.5: A Constellation Map. The red

) dots represents local peaks.
2. Calculating the Spectro- P P

gram: Next, the method calculates the spectrogram of the audio signal. This
process breaks down the audio signal into its frequency components over time,
producing a two-dimensional matrix representation.

3. Detecting Peaks: The method then identi es the signi cant peaks in the
spectrogram using a peak detection algorithm. These peaks represent promi-
nent frequency components in the audio signal.

4. Returning Results:  Finally, the method returns several components:

A~

spec: The spectrogram matrix representing the frequency content of the
audio signal over time.

y_peaks. The indices of the peaks along the frequency axis.
x_peaks: The indices of the peaks along the time axis.
4.3 Fingerprint

After generating a constellation map speci c to a song, the next step was to utilize
and preserve this data for e cient comparison with other datasets. This section

14



4. Implementation

explores the concept of ngerprinting. A ngerprint serves as a distinct signature
derived from the constellation map. This compact representation enables rapid iden-
ti cation and matching of audio segments.

Figure 4.6: System overview.

In this section, the project's ngerprinting implementation is described in detail.

4.3.1 Hashing

The primary goal of hashing is

to ensure the uniqueness of each
point and reduce the data saved
for fast retrieval. This is achieved

by generating hashes from pairs of
peaks.

The method involves creating an

anchor zone, where each data point

within this zone is referenced back

to a central anchor point. This ap-

proach collects data from the an-

chor point to every other point

within the zone, as illustrated in Figure 4.7: How the data is collected.

Figure 4.7. For every point in the

constellation map, this procedure is applied. This implies that, at some stage, every
point serves as an anchor point.

For this purpose, the Python's built-in hash function was utilized,hash() . Each
hash is generated based on the frequency of the anchor point, the frequency of the
point in the zone, and the time di erence between them, denoted dgsh((fa, fp,

T)) . Refer to Figure 4.7 for a visual representation of the process.

15



4. Implementation

Once a pair has been created, it is stored as a hash in the database with the following
information:

Table 4.1: Pair point AB. Description of Hash, Anchor time, and Track 1D

Hash Anchor time Track ID
hash((fa, fg, T)) | Point A, time | hash((song_name, artist))

Pairing points o ers a distinct advantage, as paired points provide signi cantly
greater uniqueness compared to a single point. For instance, considering a pair point
AB in table 4.1, if each point contains 10 bits of anchor frequency data and the time
di erence between them can be represented by an additional 10 bits, the combined
information amounts to 30 bits. This yields a total 0f23° = 10737418240ssibilities,
which is notably larger than the 2'° = 1024 possibilities for a single point [6].

In line with the approach used for anchor points, we avoid storing the song hame and
artist directly. Instead, a unique hash was created from the song name and artist,
which was is referred to as the Track ID as seen in Table 4.1. This hash serves as
an identi er that can be associated with the speci c song and artist.

For each anchor point, all hashes are stored within its zone, along with the timestamp
for the anchor point and the Track ID. All of this information is compiled into a
comprehensive list. This list constitutes the ngerprint.

4.3.2 Storing a Fingerprint

The write_fingerprint class method generates and stores a ngerprint for an
audio track, utilizing several preceding functions to achieve this.

1. Generating the Constellation Map: Using thecreate_constellation_map
function, the method generates the constellation map for a certain song.

2. Hashing Points: These points form the constellation map are then hashed
using thehash_points method. This hashing process produces unique identi-
ers for each point, ensuring the ngerprint's uniqueness.

3. Preparing Data for Storage:  The method Iters out any empty hashes and
prepares the data for writing, completing the ngerprint for the song. Table 4.2
shows how the ngerprint is stored as a list.

Table 4.2: List of stored points from Figure 4.7. Each point pairs hash, anchor
point time and track ID are saved in the same table. Note: The pair column is not
stored, it is just for demonstration purposes.

Pair Hash Anchor time Track ID

AB | hash((fa, fg, Tas)) | Point A; time | hash((song_name, artist))
AC || hash((fa, fc, Tac)) | Point A; time | hash((song_name, artist))
AD || hash((fa, fp, Tap)) | Point A; time | hash((song_name, artist))

16
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These methods work together to generate and store ngerprints data for audio
tracks, allowing for e cient identi cation and matching of audio tracks based on
their unique acoustic characteristics.

4.4 Database

Figure 4.8: System overview.

In Python, a function was created with mysql.connector library to be able to connect
to the database through Python.

A table called hash_table was created in the database with three columns named
"id", "hash" and "point_A_time". Additionally, the hash column was indexed which
made the search quicker. Furthermore, another table was created named metadata
which contained the columns "id", "song_name", "artist". This was where the meta-
data was stored in the database.

A function was created in order to upload data to both tables. The function has
parameters that are used to access the artist and the title of the song. Once the
program received the metadata, it was uploaded to the table metadata.

Every song had a list contained with the hashes and the anchor times and the
function looped through the list to upload to the database.

Likewise, two functions were created to read from the database, speci cally retrieve
data from the db and metadata tables. The function that was created for retrieving
data from the db table had a query which selected the id and the point_A_time
for a speci ¢ hash. Subsequently, the id retrieved from the db table was sent to the
other function which was used to retrieve the metadata of that song which the id
belonged to. Following the retrieval of the metadata, the program printed out the
artist and the song name.

17
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