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Abstract:


This research aims to create a system that can recognize musical chords and label the chord changes in music.  The system uses a musical file as input and outputs a text file, which contains chord changes for each measure in the music.  The system is divided into two parts: Beat Tracking and Chord Recognition.  Beat Tracking involves finding where in the music onsets occur and then using that information to infer what a probable beat length could be.  Chord Recognition is done based on a Neural Network, which is trained with data that is manually labeled for each chord.  Popular music is used as testing data since the ultimate goal is for the system to automatically generate musical tablature for musicians.  The Beat Tracking system is fairly successful.  However, we were unable to achieve the same level of success in our Chord Recognition system.

1.
Introduction

The purpose for this research is to allow users to obtain musical tablatures easily.  For example, novice guitar players might want to play a certain song, but are unable to find the musical tablature for it on the web, and have not had enough experience to transcribe the music themselves by ear.  In such cases, this system would become very handy.

This paper presents the work done to solve the problem of musical chord recognition.  This problem is hard because signal noises often exist in the music, and also the octaves of a chord overlap with the composition notes of another chord.  So, it is sometimes difficult to discern what the correct chord is.  This problem is different than the problems that other researchers over the years have challenged.  Here, we are trying to find the general sounding chord in polyphonic audio data that contains usually 3 or 4 melodic lines, voices, and on top of that, noises.  Most of the work that researchers in the past have done pertains to Automatic Transcription of individual notes of monophonic or polyphonic music with various limitations.  Because of the nature of our problem, some difficulties encountered by researchers before, such as determining the octaves of the note, have become irrelevant.  Regardless of the octave of the note, a higher C sounding chord will still be a C chord.  This is a good research topic because we are taking a different approach to solve this problem.

Researchers have not used Neural Network as a primary method in their attempts to perform monophonic or polyphonic transcriptions for a few reasons.  Neural Networks require training to function.  It is impossible to generate all the possible melodies, which is necessary to train a Neural Network to recognize melodies.  Furthermore, for a music piece with multiple melodic lines, the melody will need to be extracted first, which in and of itself is a challenging task.  We thought Neural Networks would be an appropriate method for our research because all the information contained in the signal is preserved in the Network, and since we are not looking for individual notes, we could simply take segments of audio data from Popular Music and use that as training data for the Network.

In the next section, we’ll describe some of the work that has been done previously.  In section 3, we will go into details about the Beat Tracking System and how it works.  Section 4 will explain how the Neural Network was set up and trained.  Section 5 will show some of the preliminary results we have.  The last section concludes this paper.

2.
Related Work

Since the 1970’s, there have been numerous works done in the area of Automatic Transcription of music.  However, to date, the success of those research projects has been very limited until recent years.  Computer scientists have advanced their understanding of monophonic music transcription - however, polyphonic music transcription proved to be much more difficult. 

In 1975, Moorer was the first to attempt polyphonic transcription; he tried to transcribe the music of a pair of voice duets.  Each voice was in a different octave, and the voices did not overlap throughout the piece.  Also the ranges of the voices were restricted to two octaves.  Placing such limitations on the input data was necessary at the time to achieve reasonable results.

In 1990’s, Hawley, Kashino, Goto and Martin all worked on different systems for music transcription.  Some of them are knowledge based such as using the Black Board system, while others rely on extracting certain key information from the music first, such as the base lines, to set up a preliminary understanding of the music before the actual music transcription.

In 1998, Klapuri proposed another system to transcribe Jazz piano music and also classical clarinet quintets.  Klapuri’s system had two parts: onset detection and multi-pitch estimation.  Onset detection basically finds out where each beat lands and uses that information to guesstimate measure.  Multi-pitch estimation involves an iterative process of guessing the number of pitches, finding the dominant pitch, saving that pitch, removing it from the original signal and repeating this process for each pitch.  His work was relatively successful and was validated by comparing synthesized music based on outputs of the system to the original music.

Even though there has been abundant work done in this area, most of the input data used has been clean instrumental sounds, often piano, chosen because piano notes do not modulate in pitch.  The input data we are using are much more complex and convoluted with noises.  This work differs from previous works in that we are taking a different approach, using an Artificial Neural Network, and only considering previous works as rough guidelines.

3.
Beat Tracking System

Chord Recognition is done one chord at a time based on a window of signal samples from the original audio data.  Beat Tracking is an essential part of the overall system because it is used to determine how big this window of signal samples should be and also which sample number this window starts at.  A song is basically a continuous wave form.  Given this, the system needs to intelligently dissect the music into proper segments so that chord recognition can be performed.

In a piece of music, there is usually some underlying beat that occurs periodically, perhaps the drums or the bass.  We define a beat to be an instantaneous moment in the music and a beat duration to be the time between when beats take place.  For popular music, beats often matches well with where loud onsets happen.  Onsets correspond to when there is music playing, and offsets correspond to when there is not.

If the duration of the beat is short, then the pace of the song is probably fast and vice versa.  In popular music, beat duration is usually constant throughout the entire song, but in classical and jazz music, beat duration can vary a lot as the song slows down or speeds up.  Further more, because songs are performed by imperfect people, pace of a song is likely to fluctuate slightly throughout, thus making beat duration not exactly constant.  Constant adjustments of the beat duration value are crucial.

The Beat Tracking System first uses the assumption that a loud onset in the music is likely to be a beat, to find all possible beats, and then uses heuristics such as removing beats that are too close together to narrow down the number of possible beats.  Then by looking at the intervals between the possible beats and using heuristics such as favoring the interval that appears most frequently, a beat duration is guesstimated.  Once a probable beat duration is found, the system maps out what the actual sample indices are which correspond to when a beat occurs.

3.1
Down Sampling

First we converted the input sound file type into an .au sound file to be use by Matlab, an engineering tool used for signal processing.  Then we down sampled the signal from 44100 kHz down to 441 Hz.  Using a window size of 100, we took every 100 samples and outputted a new sample that is representative of the 100 input samples.  Specifically we calculated the square root of the sum of the squares of the 100 sample values to be the new sample value.

We do not need the data to be 44.1 kHz because for most music, there would probably be less than 4 or 5 beats per second.  44.1 kHz represents 44100 events in one second; the granularity of event happenings we need is only 5 events per second, so 440 Hz is plenty for our purpose.  A lot of frequency information is lost here; however, we are not concerned with that since that information is not needed at this point.  In addition, down sampling will help speed up any future computation.  After down sampling, we convolved the resulting signal with a uniform mask of size 10, so as to smooth out the resulting signal.

3.2
Finding Beats

Audio data is simply a waveform constructed from signals sampled at a specific rate, where each sample is represented by a number, indicating the loudness at that instant.  In a waveform, there are many local maximums and local minimums as the wave bobbles up and down.  Any local maximum, represented in the data as a sample number (let's call this a beat index), could be a beat in the music, but not all of the local maximums could be a beat because beats simply don't occur that often.  What we are looking for is a subset of all the local maximums, which essentially is a set of times when beats possibly take place.  The size of this set of beat indices depends on the pace of the music.  If the pace were fast, the size of the set would be large and vice versa.  For most popular music, the pace of the music usually falls in between 5 beats a second (very fast) to one beat every 2 or 3 seconds.  Using this information, we can continually remove unlikely data from the set of all local maximums to obtain our set of beat indices, which could be where beats occur.

To get the set of all local maximums, we first find all the zero crossings of the first derivative of the signal, which is the set of local maximums and local minimums.  Then we eliminate all the local minimums by checking to see if the first derivative data went from positive to negative at the zero crossing, indicating that it is a local maximum.

Placing a very conservative lower bound on the size of this set, we calculate that we would need 5 beat indices per second.  So given a k second signal, we would continually add beat indices until we have at least 5*k beat indices.  We also placed an upper bound of 8 beat indices per second, just so we do not end up with a data set too large.  Ideally, we want to find the beat index that is most likely to be an actual beat.  We assumed that loud sounding onsets are likely to be actual beats, so here we look for beat indices that have the sharpest increase in the signal value over a small window of time.  We calculated this sharpness by summing the differences between the signal value of the beat index and the signal value of at the start and the end of the window.  We computed the sharpness for each beat index and compared it to an arbitrarily small value r.  If the sharpness for that beat index is greater than r, then we include that beat index in the new set and vice versa.  And then we look to see if the size of this new resulting set of beat indices falls within the lower and upper bound that we set previously.  We increase r if the size of the new set is too large and decrease r if the size is too small.  We repeat this process until we get our desired set of beat indices.  It can be argued that since the lower and upper bounds of the size of the beat index set are user defined valued based on observation, intuition and calculation, why not simply pick a static value for this set size?  The reason for this is, as we change the value of r, and depending on how fast we increase or decrease it, the size of the beat index set can vary greatly, thus making it difficult to achieve that static value.  However, when an upper and lower bound is utilized, this algorithm converges much faster.  A maximum number of iterations is also set at 200 to prevent looping forever if the size of the set never reaches the range between 5*k and 8*k.

3.3
Finding Beat Duration

Beat duration is the amount of time that a beat lasts before the next beat comes in.  In computer-generated music, this can be kept very accurately, but human performers, who produce the intended audio input for this system, usually cannot keep the exact beat duration for each beat.  This part of the system looks at the beat intervals calculated from the set of beat indices found in 3.2 and tries to figure out what is the best possible value based on how well the beat intervals correlate to each other.

First, we want to eliminate the beat indices that fall too close together. We defined too close together as any beats that fall within a .1 seconds window with another beat.  This value is used because we restricted the lower bound of the beat index set to be 5 beats per seconds, which is .2 seconds per beat.  Intuitively, it’d make sense to use the upper bound to calculate this window size.  But keep in mind that our lower bound was very conservative, not too many pieces of popular music will have more than 5 beats per second.  So we opted to use a window size calculated from the lower bound.  We are using half of this value because beats could be off by a few samples due to human inaccuracy and we don't want to eliminate the correct beat because of this.  The question is, given two beats that fall in the window, which one do we eliminate?  Ideally, we want to keep all the beats that are more relevant, beats that have a higher sharpness.  So we sorted the set of beat indices by their sharpness, which can be calculated using the previous explanation.  Then we iteratively compared from start to end the values in the beat index set with every other value in the set, and if they fall too close together, we removed the 2nd data value, which is the less relevant value.

Now we need to construct a set of beat intervals.  Given n beat indices, if we calculated every beat interval between all beat indices, the size of this beat interval set would be n choose 2, a very large number.  Let's call this number nLarge.  Further, to calculate the correlation between the values in this set would require another nLarge choose 2 operations, which would be astronomical.  For this reason, we again take the iterative approach, by first starting with a small set of beat intervals.  We generate this set of intervals by finding the beat interval between the first beat index and all other beat indices.  We compare each element in the initial interval set to every element equal to or larger than it to check for multiples of itself.  When checking for multiples, we use a small window so that the multiple does not need to be exact multiples.  If there are other beat intervals supporting the current interval, then the current interval is added to the resulting beat interval set.  If a beat interval is already in the resulting set, we keep track how many times each value in the resulting set appears.  After all values in the input set have been examined, we look at the resulting set and use the most frequent occurring beat interval as our guesstimate beat interval.  Often times, there would be more than one guesstimate beat interval with the same number of occurrence counts.  In that case, we would expand the input beat interval set by adding all the intervals between the next beat index and all other beat indices and repeat the process again.  We perform these procedures until we either find one most relevant interval or until we have constructed the largest beat interval set.  A most relevant interval is usually found within the first few intervals.

3.4
Finding Adapted Beat Indices

We want to find the actual indices where the beats occur so that we can perform chord recognition on those intervals.  However, we can not simple take the resulting beat interval from 3.3 and divide up the entire song evenly because human performance introduces error and different paces to the music.  Therefore, we must look at the input signal samples and use our newly found beat interval to adapt our index guess to the actual music.  

We first need to find where the music starts. A simple heuristic is to take the first beat index as the starting point of the music.  This method works for non-live music and music pieces that have a distinct entrance, however, this method does not work well with live music because crowd noises could mislead the system.  We have not come up with an effective intelligent method of determining the correct starting point of the music.  So we currently use our simple heuristic to pick our starting index.  After finding that starting index, we use a base index and a look-ahead index to find adapted beat indices.  A base index is where an actual onset in the music matches up with where we guessed a beat would occur.  The base index is updated every time such matching results.  The first base index is the starting index.  Then we use the look-ahead index, to check exactly one beat duration away from the base index to see if an onset occurs in the music.  Again, instead of checking for one single index value, we use a window scheme around the guessed beat index, so that we are checking a small range of values.  If an onset is found, the index of that onset is added to our resulting adapted beat index set.  Otherwise, we look exactly two beat durations ahead to check for onsets.  The farther ahead we look the bigger the window size we use to check for onsets.  By increasing the window size we guarantee that the base index will be updated eventually, meaning even if there was a few offsets in the music, our algorithm will still follow along with the music by looking ahead for the next onset.
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Beat Tracking Figure 1

The above figure shows that the first 3 look-ahead index matches with onsets in the music.  However, as the base index moves up to the 3rd beat index, and the look-ahead index searches for the next onset, it is not found.  The look-ahead index then searches two beat intervals away and finds an onset.  The base-index is then updated again.  The beat intervals above are all different because adaptation to the performance of the music has been introduced.

By continually looking ahead for onsets and updating our base index, we map out where the adapted beat indices are in the music.  The final evaluated beat index is passed into the Chord Recognition System.

4.
Chord Recognition System

In this part of the system, we propose to build an Artificial Neural Network (ANN) to perform Chord Recognition.  ANN is chosen among others methods because an ANN is capable of performing pattern recognition and store much more information than traditional methods such as using FFT and frequency analysis or pitch class profiling.  These other methods often look at patterns in the frequency domain.  The problem with frequency domain analysis is the constant trade off between frequency and time resolution.  For example, say we have a piece of music at a sampling rate of 44.1 kHz, and we use 512 samples as the frame size.  That means our time resolution is 512/44100 = .0116 seconds per event, so in that piece of music, we can recognize 86 (1 / 0.0116) events a second.  That is probably more time resolution than we need.  Given that we have a very good time resolution with that frame size, we can only obtain very poor frequency resolution of 86 Hz.  That means when the frequency spectrum is divided into bins, each frequency bin has a width of 86 Hz.  So we would not be able to tell the difference between a middle C (261 Hz) and a middle D (293 Hz) since they will be put in the same bin.  A common frame size to use in doing frequency analysis is 1024 samples, if the sampling rate is 44.1 kHz.  That frame size gives a time resolution of 0.023 seconds, and a frequency resolution of still only 43 Hz.  That frequency resolution is still not enough to distinguish a middle C from a middle D, not to mention any sharp or flat notes in between them.  This compromise between time resolution and frequency resolution is just one of the problems with using FFT.  We believe that Neural Networks is one possible solution to this problem because like most applications that use ANN, we can treat the ANN as a black box, which through training becomes knowledgeable about the particular subject.  Using ANN allows for more information to be saved and retrieved, and for that reason, we will develop an ANN to test its feasibility.

The study of Neural Networks was first motivated by the study of neural nervous systems.  A node in an Artificial Neural Network simply acts in the same way that a neuron in a neural nervous system would.  Then in early 1940’s, Warren McCulloch, a neurophysiologist and Walter Pitts, a mathematician, proposed a logics model of a neuron that can be used to perform computation.  Their paper sparked some interests among scientists at the time.  But due to the lack of computation power among other drawbacks, ANN has not been a widely studied subject until the last two decades.  Today, ANN is used in many areas, such as data validation, sales forecasting, and handwriting recognition, and has become an important field in artificial intelligence.

An Artificial Neural Network consists of nodes and links.  Nodes can be further categorized into input nodes, hidden nodes or output nodes.  Links, each having a weight associated with it, connect the nodes together in layers.  The input layer is where data enters the network, and the output layer is where results are gathered.  There can be any number of hidden layers in a Neural Network, but it is known that using only two hidden layers, a feedforward Neural Network can model any function.  However, the number of nodes needed in each hidden layer to achieve good performance is not known.  

Training data along with correct solutions are used to teach an ANN.  Training data values are assigned to each node in the input layer.  The input values into the next layer are calculated by summing the products of the previous node values and the weight of the link that connects it to the next layer.  Then, for each node in the next layer, this sum goes into a transfer function to determine whether or not this node fires into the next layer.  This behavior of feeding the output to the next layer characterizes a general category of ANN called feedforward Neural Networks.  The links in an ANN usually start with random weights; as the ANN learns more data, it computes the errors between its output and the correct output and changes its link weights to gradually minimize that error.  After a certain number of epochs of training, the error should become stable; at that point, the ANN is experienced and should be capable of producing the correct output given similar input as the training data.

4.1
Setting up the Neural Network

We made a standard three-layer backpropagation ANN.  Backpropagation ANN is basically a feedforward ANN that uses backpropagation to find error rates and adjust its link weights during the training phase.

To obtain training data for the Neural Network, we examined around 120 songs from over 30 popular pop bands.  For each song, we looked at hand-transcribed musical tablatures and lyrics done by musicians, followed the melody of the music by listening to the lyrics and visually inspected the actual signal using a sound manipulation software Audacity.  We were able to identify when a chord started and ended in the signal by the information obtained using the above methods.  We extracted that range of samples from the original music, produced a new sound file from it and labeled it with a chord.  Our training data range from 0.5 seconds to 5 seconds.  We produced more than 200 training data.  Chords A, Am, C, D, E, Em, F and G each had at least 10 training samples.  The other samples were in chords B, Bb, Bm, Dm, Eb and Gm.

Because the original music is sampled at 44.1 kHz, if we use an one second training data for the Neural Network, we would need 44100 input nodes.  We initially tried to train the network with this number of input nodes and 100 hidden nodes, but this proved to be too computationally expensive and slow, even for a 1.5 Gig Hz computer.  For this reason, we down sampled each of our training data to 440 Hz, and fixed our input nodes size to be 440 nodes.

At this point, an interesting problem arose, mainly that the number of input nodes in a Neural Network is constant, and we needed to interpolate or decimate our training data, which ranges from 0.5 seconds to 5 seconds in length, in order to use it in our Neural Network.  The question is whether we should interpolate the data in the time domain or in the frequency domain.  If we interpolated the training data in the time domain, the signal would simply be stretched out or shrank, depending on if it is shorter or longer than 1 second.  If we interpolated the training data in the frequency domain, the training data is likely to repeat itself so that the percentage of signal samples that constitute each frequency would remain the same.  Looking at this from the perspective of pattern recognition, it would make sense to interpolate the data in the time domain since the Neural Network is essentially looking for patterns (or the overall “appearance”) in the data.  The following figures of digit recognition using a Neural Network illustrate this idea.
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Desired Output
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Training Data Input (incorrect size)
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Frequency Domain Interpolation (repeating data)
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Time Domain Interpolation (“stretching” data)


Those four pictures above illustrate that a Neural Network is probably more likely to recognize the Time Domain interpolation of the picture than the Frequency Domain interpolation version of it.  The Time Domain Interpolation is much more similar to the desired output than the Frequency Domain Interpolation.  This shows that Time Domain Interpolation could be a reasonable method of conforming the training data to be the same size.

On the other hand, if we arbitrarily stretched a 220 Hz signal that is 300 samples long to become 440 samples, the interpolated signal would no longer be 220 Hz.  And we would be training the Neural Network with a data that is different from the chord that it is labeled to be.

Interpolation in the time domain required only one function call, which takes the signal and an integer, which is the factor used to interpolate the data.  Interpolation in the frequency domain required only a few calls.  We use FFT to transform the signal to the frequency domain, interpolated the data, then used Inverse FFT to get our data back.  Because of the simple changes between these two implementations, we examined both methods during our test.

4.2
Training and Validating the Neural Network

We used K-fold Cross Validation to train and validate how generalized our Neural Network is.  We divided our training data set into k subsets, where k is equal to 10.  10 is a generally accepted “good” value for K-fold Cross Validation.  In each training epoch, the Neural Network is trained k times.  Each time a subset is left out, and that left-out subset is used to validate the network by calculating the error between desired output and actual output of the Neural Network.  The average of the error is calculated at the end of the epoch and is used to evaluate how good the Neural Network is.

Our input values are represented by a 180 by 440 matrix.  (180 because that is 9/10th of our entire training data set of 200 training data, and 440 is the number of signal samples in each training data)  In two separate networks, we used 100 nodes and 290 nodes in the hidden layer to examine any differences in performance by inserting more hidden nodes, which in theory should give better performance because there are more links to store more information.  Our input function for a node is simply the sum of the product between all the input values and the link weights that the input came from.

There are three types of activation functions in a feedforward Neural Network:  threshold function, sign function and sigmoid function.  Threshold function outputs a 1 if the input value is great than a specified threshold value; sign function outputs a 1 or a -1 depending on if the input value is greater than or less than 1.  With a sigmoid function, the output varies non-linearly as the input changes.  We used the hyperbolic tangent function as our activation function.  It is a common sigmoid transfer function used in Neural Networks.  This solves the problem of having to set a threshold value that we would encounter had we used a threshold function.  The output of the Neural Network for each training data is an array of 14 numbers; each number represents how closely related this training data is to each of the 14 possible outputs.  The output associated with the highest value in the output array is considered the Neural Network output for the given input.

The desired output for a training data is an array of 14 numbers, consisting of 13 zeros and 1 one.  The one appears in the index of the array that correspond to the specific chord label for that training data.

The error calculation during the training phase is done by first taking the difference between the desired output array and the actual network output.  Then a hyperbolic cosine function is used to approximate the error values at that layer.  Those error values are multiplied by the weights of the links connected to that layer to get the error values of the previous layer.  The hyperbolic cosine function is used again to find the error values at the previous layer.  Once we have found the error values at each layer, we multiply those values by a learning rate, which determines how much the link weights change and how fast the Neural Network minimizes its errors.  Essentially, the Neural Network moves on an Error Gradient and tries to descend to the minimum point.  Learning rate determines how fast the Neural Network adapts, or how big of a step the Neural Network takes each time it sees a training data and receives weights update of which direction to go to minimize its errors.  This process of comparing actual output and desired output is called the Delta rule.

Before we trained our Neural Network with the 200 manually labeled training data, we tested the workings of our Neural Network by training the Neural Network with 6 simple chords.  Then we validated that the Neural Network is capable of producing the correct output.

At first we used 290 hidden nodes, 14 possible output values and a learning rate of 0.004 as our parameters for our Neural Network.  We let the Neural Network train to 25000 epochs, which in actuality is really 250,000 epochs because in each epoch the Neural Network is training k = 10 times.  Because of the high number of hidden nodes, this test took over 24 hours to run on a 1.5 Gig Hz machine, but once the training is done, the Neural Network can be easily saved by saving the link weights.  In the beginning the sum of all the errors was around 1500, which when divided by k and then divided by the number of validation data (20), we get an error rate of around 7.5 per data.  At the end of 25000 epochs, our error rates were still oscillating between 1100 and 1300, which at best gives an error rate of 5.5 per data.  Even during the last 1000 epochs of training, the error rates had not stabilized.  With an improvement of 25 percent at best going from an error rate of 7.5 to 5.5, this is still not sufficient.  In the perfect Neural Network, the error rate would be zero, which means the output of the Neural Network matches exactly the desired output.  Our error rate of 5.5 means that if our Neural Network produced binary outputs, at least 5 of the outputs are still wrong!  We changed our interpolation function to use both frequency interpolation and time interpolation, but the results were similar.

To alleviate this problem, we ran the test again with different parameters.  The source of error probably came from the fact that some of the chords had less than 10 training data, and so the Neural Network is unable to identify the correct chords when those chords were use as the validation set.  We shrank the output set from 14 to 7 by re-categorizing all the minor chords and flat major chords, so that only majors chords A, B, C, D, E, F and G are possible outputs.  We used a learning rate of 0.002 and reduced the number of hidden nodes to 100 in order to decrease training time.  After these changes, we again ran the training data through 25000 epochs.  In the beginning the error rates were around 1150, which gives an error value of about 5.75 per data.  By the end of the training, the total error rates oscillated between 600 and 900, which gives an error rate of at best 3 per data.  That error rate is still unacceptable; in fact, the error rate needs to have reached less than 1 to say that the Neural Network has reached stability; meaning with a high probability the Neural Network can correctly predict the output.

4.3
Discussions

Given the amount of training data and countless training epochs, our Neural Network did not reach stability.  Traditionally, the problem with using Neural Networks as a learning method is that it is difficult to obtain training data.  One possible reason for why our Neural Network did not reach equilibrium could be due to our limited training data.  In our second Neural Network when we had only 7 outputs, each output still only had around 20 samples to be trained with.  However, even with a limited number of training data, given enough training epochs, the links weights should have adapted to some degree.

Neural Networks with one hidden layer is supposed to be able to model any continuous function.  After a quarter of a million epochs, equilibrium is still not reached; this leads us to believe that perhaps the training data set is not only too small but perhaps also contradicting among one another as well.  We carefully labeled the chords in our training data but human error could have possibly been introduced in the process.

There’s also the unanswered question of whether interpolation should be done in the Time Domain or in the Frequency Domain.  After much thought, our thinking follows that the domain in which the interpolation is done should not matter.  Because the Neural Network will essentially learn whatever you teach it, if you taught a Neural Network to associate RGB values of  (255, 255, 255) with the word “black,” it will learn exactly that.  The same principle applies here.  Since both the training data and actual testing data are subject to the interpolation function, the effects of the interpolation on both sets of data should be the same and thus irrelevant.  It is merely a function used to format the input into the Neural Network.

One important advantage of using frequency analysis over using Neural Networks is that given a chord in a different octave, we can always reduce it to the middle C octave because frequencies in higher octaves are simply frequencies in the middle C octave multiplied by some power of 2.  When we labeled the chords, we ignored this aspect of the chord.  A C chord is labeled as a C chord regardless of whether it is in a high octave or a low octave.  But those two chords have very different patterns seen by the Neural Network; mainly one is twice as large as the other one.  This poses a major problem because when another different chord that closely resembles that C chord in the higher octave is trained, the Neural Network changes the link weights to suit the information learned.  Then later on, when the C chord is trained again, the link weights are changed back to adapt to this newly learned information.  Essentially contradicting information in the training data disallows the Neural Networking from converging.  A possible solution is to further categorize the training data by their octaves so that a different output is assigned for each chord in different octaves.  This exacerbates the problem of obtaining training data because we would need more training data to facilitate the increase in the number of output nodes.

In the beginning, we set out to see if Neural Networks is a feasible method to use for chord recognition.  Perhaps Neural Networks is not a truly feasible option.  For the reasons given above, to successfully train a Neural Network to perform chord recognition would require possibly thousands of manually labeled training data.  Even then, there is no guarantee that the Neural Network would converge.  Further tests are needed to validate this point.

5.
Results

These four figures below show more results from our Beat Tracking System.  They follow the beats fairly well.  Our Chord Recognition System did not converge.  We did try entering test data into the Neural Network, but the Neural Network was unable to produce any significant results.
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Beat Tracking Figure 2
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Beat Tracking Figure 3
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Beat Tracking Figure 4
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Beat Tracking Figure 5

6.
Conclusion

This research aims to create a system that can recognize musical chords and label the chord changes in music.  The ultimate goal of the research was not reached, however, several important discoveries were made about implementing a Chord Recognition system based on Artificial Neural Networks.  It is difficult to obtain accurate training data, and the number training data needed for such a system to perform well could be large.  It is not known how many training data is required.  Beat Tracking part of the research was relatively successful as shown from the above figures.  Several intelligent heuristics were created in our Beat Tracking system to extract specific information from the signal in the time domain.  Our beat tracking system lays down a solid foundation for future research in this area.  One possibility is to create a system that can automatically extract the chords from a piece of music given the musical tablature.  This would automate the process of creating training data for the Neural Network, allowing a second attempt at this problem using the Neural Networks approach.  
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