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Abstract

Automatic classification of modulation schemes is of interest for both civilian
and military applications. This report describes an experiment classifying
six modulation schemes using a Multi-Layered Perceptron (MLP) neural
network. Six key features were extracted from the signals and used as inputs
to the MLP. The approach was similar to that of Azzouz and Nandi [2].
The aim was to see how the performance of the classifier varied according to
different neural network sizes and signal-to-noise ratios (SNR) ranging from
5 dB to 25 dB. It was shown that the performance degraded significantly
for SNR of 5 dB for all network sizes. This was suggested to be due to
a high noise sensitivity on some of the features. The best classifier had a
success rate of 63.7% for 5 dB SNR and 94.8% and over for signals with SNR
ranging from 10 dB to 25 dB. A property of neural networks are that they
not necessarily have an all-or-nothing output. It was found that for a high
proportion of wrongly classified signals the second strongest MLP outputs
represented the correct modulation scheme. This information could thus be
used to do an informed guess about alternative modulation schemes if the
original classification is found to be incorrect.
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Chapter 1

Introduction

Monitoring and control of radio communication is important for both the
civilian and military domain. Knowledge of which modulation scheme is
used can provide valuable information and is also crucial in order to retrieve
the information stored in the signal. In the military domain, modulation
recognition can be used for electronic warfare purposes like threat detection
analysis and warning. It can further assist in the decision of appropriate
counter measures like signal jamming.

In the past, modulation recognition relied mostly on operators scanning
the radio frequency spectrum with a wide-band receiver and checking it
visually on some sort of display [4]. Clearly, these methods relied very
much on the operators’ skills and abilities. These limitations then led to
the development of more automated modulation recognisers. One semi-
automatic approach was to run the received signal through a number of
demodulators and then have an operator determine the modulation format
by listening to the output of each demodulator [17]. This approach is not
very practical nowadays due to the new digital techniques that transfer both
voice and data.

In the mid-80s, two principle techniques for automated modulation recog-
nition started to emerge. One was the decision theoretic approach and the
other was statistical pattern recognition. Then, in the beginning of the 90s,
researchers became interested in the use of artificial neural networks (ANNs)
for automatic modulation recognition. ANNs have proven to give good clas-
sification results and have, especially in noisy conditions, often offered better
performance than decision trees. [1, 2, 13, 14, 15].
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1.1 Aims and Objectives

This report describes an approach to classifying six digital signal modulation
schemes using an ANN. The modulation schemes were two- and four-symbol
amplitude shift keying (ASK2 and ASK4), four-symbol phase shift keying
(PSK4), two- and four-symbol frequency shift keying (FSK2 and FSK4)
and eight-symbol quadrature amplitude modulation (QAM8). Firstly, a
number of signals were simulated with various noise levels. Secondly, a set
of key features was extracted from a signal segment to act as inputs to the
ANN. Different sized ANNs were created and then trained on a series of
signals to recognise the type of modulation before finally being tested on
unseen and noisy signal segments. One important challenge was to find
a set of key features that could enable the ANN to classify the various
modulation schemes. In addition, the key features had to be sufficiently easy
to compute so that the real-time objectives for on-line classification would
be maintained. The signal generation and key feature extraction were to a
great extent based on Azzouz and Nandi [2]. The aims and objectives of
this work were to:

1. observe how the classification performance varied based on the various
ANN set-ups

2. look at how robust the key features were with respect to noise

3. see if the real-valued output could provide ”certainty”-information in
addition to the classification itself.

The following section describes the software requirements and the system
design. Section 3 presents and discusses the results. Section 4 contains a
general discussion and suggestions for future work. Section 5 concludes
this work. The appendices contain a depiction of the signals’ instantaneous
attributes and tables of results.
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Chapter 2

Methods

2.1 Software Requirements

The signal simulation and the neural networks used here were realised using
MATLAB. In addition to the basic MATLAB software, three toolboxes were
used. These were the Signal Processing Toolbox, Communication Toolbox
and Neural Network Toolbox.

2.2 Specifications

The following sections contain the specifications for the modulation schemes
and the ANNs together with the procedures for signal generation, modula-
tion and key feature extraction.

2.2.1 Modulation Schemes

A digitally modulated signal s(t) can take the form:

s(t) = A(t) cos(2πf(t) + φ(t)) (2.1)

where A, f and φ are the amplitude, frequency and phase respectively.
The amplitude levels for the ASK modulations are A = ±1 for ASK2 and
A = ±{1, 1/3} for ASK4. The phase levels in PSK4 are φ = {0, π/2, π, 3π/2}.
Note that PSK2 was not considered here because it uses phase levels φ = {0, π},
which gives the same s(t) as ASK2. (PSK2 was considered in Azzouz and
Nandi [2] as ASK2 levels were A = {0, 1}. Consequently ASK2 and PSK2
produced different s(t)). For both FSK2 and FSK4 the frequency separa-
tion between {f1, f2} or {f1, f2, f4, f4} are equal to the symbol rate rs (the
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symbol rate is defined in the next section). The QAM8 modulation can be
described as

s(t) = A1(t) cos(2πf(t) + φ(t)) + A2(t) sin(2πf(t) + φ(t)) (2.2)

where A1 and A2 can take the values ±{1, 3}. Note that there exist various
modulation definitions. The ones described and used here were the default
values in the MATLAB modulation definitions.

Thus, the modulation schemes used here were ASK2, ASK4, PSK4,
FSK2, FSK4 and QAM8.

2.2.2 Signal Generation and Modulation

The signal specifications are:

• Carrier frequency, fc: 150 kHz

• Sampling rate, fs: 1200 kHz

• Symbol rate, rs: 12.5 kHz

• Samples in signal segment: 4096

These specifications imply that there are fc/rs = 96 samples per symbol
which gives 4096/96=42.67 symbols per signal segment. The signal segment
should be of such length that there is a reasonable probability that all sym-
bols in the modulation scheme with the highest number of symbols (QAM8
in this case) are represented in the segment. A 4096-sample segment was
believed to suffice.

The message itself consisted of uniformly distributed random numbers in
the range suitable for the chosen modulation scheme. The message was then
modulated onto the passband signal using dmod(.), which is MATLAB’s
digital passband modulation function. White Gaussian noise with a given
signal-to-noise ratio (SNR) was then added to the modulated signal using
the awgn(.) function. The generated signal was in fact twice as long as
the 4096-sample segment. The segment, which formed the basis for the
modulation recognition, was taken from the middle of this signal. This
was done to avoid possible inconsistencies at the start and the end of the
generated signal.

In Azzouz and Nandi [2], band-limitation was introduced to the mod-
ulated signals to make them more realistic by smoothing the transitions
between consecutive symbols. This was not introduced in the simulations
presented here but will be considered in future expansions.
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2.2.3 Key Feature Extraction

The key features that were to form the inputs to the classifier were all
based on the instantaneous amplitude, phase and frequency of the signal
segment. These are also called the instantaneous attributes of a signal.
These attributes are obtained from the analytic signal, which consists of
the real and the imaginary part of the actual signal. The analytic signal
is thus a complex signal that can be obtained using the Hilbert transform
on the actual signal segment (hilbert(.) in MATLAB). If the vector x(i) is
the actual signal segment and the vector y(i) represents the analytic signal
obtained by y(i) = hilbert(x(i)), the instantaneous amplitude, a(i), can be
defined as the amplitude of the analytic signal y(i):

a(i) = abs(y(i)) (2.3)

The instantaneous phase, φ(i), is defined as the angle of the analytic
signal y(i). The instantaneous phase used here was slightly amended as
it was defined as the non-linear component of the unwrapped angle of the
analytic signal. The non-linear component is obtained by subtracting the
linear phase component of the carrier frequency from the unwrapped angle
of the analytic signal [2]:

φNL(i) = unwrap(angle(y(i)))− 2πfci

fs
(2.4)

The instantaneous frequency, f(i), is simply defined as the time rate of
change of the instantaneous phase. By using the Matlab function diff(.) to
calculate the difference between consecutive intervals in φNL(i), the instan-
taneous frequency was obtained thus:

f(i) = diff(φNL(i)) (2.5)

In an attempt to attenuate distortion brought in by noise, the instanta-
neous attributes were then filtered through a median filter with a window
of 25 samples. Appendix A illustrates the instantaneous attributes for the
six modulation schemes at 15 dB SNR. The instantaneous attributes were,
after filtering, used as the basis for the extraction of six key features. These
were based on the five key features presented in [2]. However, some of the
features used here were slightly modified to accommodate the differences in
the modulation definitions.
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The first key feature, σp, was the standard deviation of the non-linear
instantaneous phase1:

σp = std(φNL(i)) (2.6)

The instantaneous phase of ASK2 and ASK4 has a staircase appearance
whose steps increase with π for each symbol transition. The standard devi-
ation is therefore fairly large. The instantaneous phase of PSK4 has ±π/2
(positive and negative) steps and has therefore a smaller standard devia-
tion. Thus, σp could be used to differentiate between the ASK modulation
schemes and PSK4.

The second key feature, ma, was the mean value of the instantaneous
amplitude:

ma = mean(a) (2.7)

For all but ASK4 and QAM8, the instantaneous amplitude is fixed at value
1. The mean value is therefore 1. ASK4 modulation alternates between am-
plitudes 1 and 1/3 and will therefore have a mean value less than 1. QAM8
alternates between amplitudes 1 and 3 and will thus have a mean value
greater than 1. The key feature ma could therefore be used to differentiate
between ASK4, QAM8 and the group of ASK2, PSK4, FSK2 and FSK4.

The third key feature, σf , was the standard deviation of the instanta-
neous frequency:

σf = std(f(i)) (2.8)

The only modulation schemes that carry frequency information are FSK2
and FSK4. The instantaneous frequency will therefore alternate between two
values for FSK2 and four values for FSK4. For all other modulation schemes,
the instantaneous frequency is zero. Also, as the frequency separation is the
same for FSK2 and FSK4, the latter’s instantaneous frequency will have
double the range of that of FSK2. Thus, σf could differentiate between the
modulation schemes without frequency information and the FSK modulation
schemes and also between FSK2 and FSK4.

The fourth key feature, σa, was the standard deviation of the instanta-
neous amplitude:

σa = std(a(i)) (2.9)
1The functions used in the definitions of the key features are MATLAB functions.
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The σa feature is an additional feature that was used to differentiate between
the same modulation schemes as ma.

The fifth key feature, γmaxf , was the maximum value of the power spec-
tral density of the centred instantaneous frequency, fcnt:

γmaxf = max(abs(fft(fcnt(i)))) (2.10)

This key feature aimed to improve differentiation between FSK2 and FSK4.
The instantaneous frequency of FSK4 has double the range of that of FSK2
and will therefore have a higher γmaxf value than FSK2.

The sixth key feature, γmaxa, was the maximum value of the power
spectral density of the centred instantaneous amplitude, acnt:

γmaxa = max(abs(fft(acnt(i)))) (2.11)

Similar to γmaxf , this sixth feature was added to differentiate between the
modulation schemes that carry amplitude modulation and those that do not.
γmaxa also has a higher value for QAM8 than for ASK4 because the former
has amplitude levels 1 and 3 whereas the latter has amplitude levels 1 and
1/3.

2.2.4 Neural Network

The artificial neural network that was used for this classification problem
was a Multi-Layered Perceptron (MLP). In MATLAB this is called a feed-
forward back-propagation network. The networks were developed using the
graphical network manager nntool in MATLAB’s Neural Network Toolbox.
The MLP consisted of an input layer, two hidden layers and an output layer.
The input layer had six nodes, each representing one of the six key features
introduced above. The output layer also had six nodes, each representing
one of the six modulation schemes. Two hidden layers were chosen because
it has proven to give adequate error performance [2, 1]. The number of
nodes in the hidden layers is described in the experimental design section.

The nntool offers a range of training and adaptation learning algorithms.
The one chosen here was the Levenberg-Marquardt (LM) training algorithm
because it has shown good results on a similar classification problem [1]. The
LM algorithm is a batch training algorithm, which means that updating of
the weights and biases in the neural network is done after all examples are
presented to the network. In incremental training, on the other hand, the
weights and biases are updated after each individual example. The LM
algorithm is considered to be one of the fastest training algorithms but its
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main drawback is that it has a high memory requirement [12]. There are
ways of reducing the memory usage but this incur a cost on execution time.

The nodes in a neural network can have various activation functions. The
most common activation functions in the Multi-Layered Perceptron are the
s-shaped log-sigmoid that ranges from 0 to 1 and tan-sigmoid that ranges
from -1 to 1. According to Haykin [7] a network generally learns faster
when employing a tan-sigmoid activation function. The approach used here
was identical to [1], which used the tan-sigmoid for the hidden layers and
the log-sigmoid for the output layer. The latter was chosen of convenience
because the outputs were supposed to output 0 or 1.

2.3 Experimental Design

This section describes how the experiment was set up. It was designed to
meet these objectives:

1. observe how the classification performance varied based on the various
ANN set-ups

2. look at how robust the key features were with respect to noise

3. see if the real-valued output could provide ”certainty”-information in
addition to the classification itself.

2.3.1 Independent Variables

The experiments consisted of testing modulated signal segments with various
SNR on MLPs with various numbers of nodes in the hidden layers. Table
2.1, 2.2 and 2.3 present these variables.

MLP DESCRIPTION
NN3-3 3 nodes in both hidden layers
NN5-5 5 nodes in both hidden layers
NN6-6 6 nodes in both hidden layers
NN7-5 7 and 5 nodes in first and second hidden layer respectively
NN5-9 5 and 9 nodes in first and second hidden layer respectively
NN12-8 12 and 8 nodes in first and second hidden layer respectively

Table 2.1: Multi-Layered Perceptrons
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SIGNAL-TO-NOISE RATIOS 5 dB 10 dB 15 dB 20 dB 25 dB

Table 2.2: Signal-to-noise ratios

MODULATION SCHEMES ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

Table 2.3: Modulation schemes

2.3.2 Procedure

The key feature values typically ranged from 0 to 1000. Before they were
fed into the MLP they were normalised in order to improve the performance
of the classifier [7]. The normalisation aimed to distribute the values so that
there were equally many positive values as negative values. If F represents
the non-normalised feature value and mF is an average value of that feature,
the normalised feature, Fn, was calculated thus:

Fn =
F

mF
− 1 (2.12)

mF was found by taking the average of the non-normalised key features of
1200 signal segments (200 signal segments pr modulation scheme) with 10
dB SNR and 1200 signal segments with 20 dB SNR.

In order to train, validate and test the networks a number of signal
segments were created. A validation set is not used to train the network
but is used together with the training set in order to see how the network
performs on unseen data. When the performance of the training set and the
validation set starts to diverge the neural network is over-fitting and loses
its generalisation abilities. Training should therefore be stopped.

The training set consisted of 1200 segments, 200 for each modulation
scheme. 100 of these had 10 dB SNR and 100 had 20 dB SNR. It has been
shown that by training with a mix of SNRs the classifier can operate on a
greater SNR range. [2, 1]. The validation set was created in the same way
as the training set. There were five test sets. Each test set consisted of 600
segments, 100 for each modulation scheme. Each test set had a fixed SNR
(Table 2.4). It is important to note that the validation and test sets were
note taken from the training set but generated independently so that they
were not known by the classifiers.

The six MLPs were trained using the training set and validated using the
validation set. They were then tested on five different testing sets. Apart

9



from the number of nodes in the hidden layers all of the MLPs had the same
set-up (Table 2.5).

TEST SET SNR
Test set 1 5 dB
Test set 2 10 dB
Test set 3 15 dB
Test set 4 20 dB
Test set 5 25 dB

Table 2.4: Test sets

MULTI-LAYERED PERCEPTRON SET-UP
- 6 input nodes, one for each key feature
- 6 output nodes, one for each modulation scheme
- Target value 0.9 or above for active output
- Target value 0.1 or below for inactive output
- Tan-sigmoid activation in hidden layers
- Log-sigmoid activation in output layer
- Stop training when squared error is 0.001
- Stop training when validation set diverges from training set
- Remaining LM algorithm parameters were the default nntool parameters

Table 2.5: Fixed parameters

Each output from the classifier represented a modulation scheme. When
testing the classifier, the predicted modulation scheme was the one whose
corresponding output had the highest value. To meet Objective 1 (perfor-
mance of MLPs versus SNR), success rates were found by comparing the
predicted modulation scheme with the actual modulation scheme. Objec-
tive 2 (robustness of key features) was achieved by evaluating the test sets’
mean feature values over the range of SNRs. Objective 3 was to see if the
real-valued output could be used to provide extra information in the context
of classification certainty. Thus, the magnitudes of the highest output and
the second highest output were evaluated. The results are presented and
discussed in the next section.
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Chapter 3

Results

This section presents and discusses the results of the training, the clas-
sification performance, the evaluation of the real-valued outputs and the
evaluation of the key feature robustness.

3.1 Training Results

None of the classifiers were able to achieve the squared error goal of 0.001. By
observing the error goal graph as the training progressed the error seemed
go down to about 0.01 before it either flattened out or the validation set
diverged from the training set. The reduction of the error during training
varied according to the random initial weights. The resulting squared er-
ror presented in Table 3.1 was obtained after a various number of training
attempts (typically 1-4 attempts).

MLP EPOCHS SQUARED ERROR
NN3-3 141 Ca. 0.05
NN5-5 23 Ca. 0.005
NN6-6 16 Ca. 0.007
NN7-5 16 Ca. 0.007
NN5-9 22 Ca. 0.007
NN12-8 38 Ca. 0.006

Table 3.1: Training results

The training was stopped manually for all MLPs. The squared error
seemed to be reasonable considering that the training set was based on noisy
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signal segments. Note, however, that NN3-3 had a much higher squared
error than the other MLPs. The training could, in many cases, have run for
several hundred or even thousand epochs to achieve a slightly better error
performance (assuming that the validation set followed) but time did not
allow for this. As a comparison the maximum number of epochs was 3000
in Aralumpalam et al. [1] and 250 000 in Azzouz and Nandi [2] where they
handled similar classification problems. With the small number of epochs
used here, training was completed within a few minutes.

3.2 Test Results

After training was completed, the MLPs were tested on the six test sets.
Table 3.2 presents the overall results and Figure 3.1 shows this graphically.
(For the complete set of results, see Appendix A).

SNR
NETWORK TYPE 5 dB 10 dB 15 dB 20 dB 25 dB Avg.

NN3-3 40.0 66.0 63.5 65.3 66.5 60.3
NN5-5 30.0 94.5 98.8 99.3 99.5 84.4
NN6-6 63.7 94.8 98.3 99.2 99.8 91.2
NN7-5 61.2 94.7 98.5 99.2 100.0 90.7
NN5-9 53.3 94.3 98.3 99.2 100.0 89.0
NN12-8 49.3 94.2 99.2 99.5 100.0 88.4

Table 3.2: Network performance against SNR

The results suggested that NN3-3 was too small to perform a satisfactory
classification. The best result for NN3-3 was 66.5% correct classification on
the 25 dB SNR test set. The other MLPs all had a success rate higher
than 94% for signals with 10dB SNR or more. Furthermore, NN7-5, NN5-9
and NN12-8 showed a success rate of 100% for signals with 25 dB SNR. By
observing the general trend, however, it was clear that the overall perfor-
mance increased as the network size increases up to NN6-6 (91.2% overall
success rate) before it decreased again for the larger networks. This is not
surprising as smaller network structures have better generalisation abilities
and minimise the risk of over-fitting. The results indicates that NN6-6 had
the best generalisation abilities as it had the highest success rate for the
noisiest test signals (63.6% at 5 dB SNR).

Test set 1 (5 dB SNR) showed the poorest results overall and the confu-
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Figure 3.1: Network performance against SNR

sion matrix is presented in Table 3.3. The modulation schemes were most
often wrongly predicted to be FSK4 when such high noise levels were in-
troduced. For test set 2 (Table 3.4), on the other hand, the mix-up was

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 59.2 8.8 7.8 5.8 18.4 0
ASK4 0.6 18.6 2.4 10.4 61.8 6.2
PSK4 17 7.2 39.8 14.8 20.6 0.6
FSK2 13.2 3.4 22.8 26.2 34 0.4
FSK4 0.8 0.2 0 0 99 0
QAM8 7.8 0.4 2.8 0 22.8 66.2

Table 3.3: Confusion matrix for test set 1 (5 dB SNR) averaged over all
networks except NN3-3

between PSK4 and FSK2 whereas the other modulation schemes all had
success rates higher than 98%. A similar trend can be seen in the averaged
confusion matrix for test sets 3 and 4 (Table 3.5) even though the mix-up
between PSK4 and FSK2 was less frequent. PSK4 was wrongly predicted as
ASK2 on 4.9% of the occasions whereas all other modulation schemes had
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a success rate higher than 99.3%.

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 98 0 2 0 0 0
ASK4 0 99.8 0 0 0.2 0
PSK4 1.4 0 85.6 13 0 0
FSK2 2 0 14.4 83.6 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table 3.4: Confusion matrix for test set 2 (10 dB SNR) averaged over all
networks except NN3-3

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99.3 0 0.6 0.1 0 0
ASK4 0 100 0 0 0 0
PSK4 4.9 0 94.5 0.6 0 0
FSK2 0 0 0.1 99.9 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table 3.5: Confusion matrix for test sets 3 and 4 (15 dB and 20 dB SNR)
averaged over all networks except NN3-3

Test set 5 (25 dB SNR) was generally very precise with the lowest success
rate being 99.4% for ASK4 (Table 3.6).

The significant drop of performance for test set 1 (5 dB SNR) indicated
that the input to the classifier was significantly different from that of the
other test sets. The evaluation of the key features, which is presented in the
next section, verifies their sensibility to noise.
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 99.4 0.4 0 0 0.2
PSK4 0 0 100 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0.2 0 99.8 0
QAM8 0 0 0 0 0 100

Table 3.6: Confusion matrix for test set 5 (25 dB SNR) averaged over all
networks except NN3-3
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3.3 Feature Robustness

The mean feature value versus the SNR levels of the test sets are presented
in Figure 3.2. It shows the significant change of the features extracted
from the instantaneous phase and frequency for SNR at 5 dB whereas the
feature values based on the instantaneous amplitude increase more linearly
throughout the SNR range. Azzouz and Nandi [2] pointed out that for low
amplitude levels, e.g. the low amplitude level in ASK4, the instantaneous
phase is very sensitive to noise. When they extracted features from the
instantaneous phase and frequency they based them only on the samples
whose amplitude level was above a certain threshold. The sudden increase
at 5 dB SNR could possibly have been avoided if adopting this approach
and hence given better classification results at that level. However, this was
not attempted.

Figure 3.2: Mean feature values versus SNR
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3.4 Classification Certainty

In the research on modulation classification known to the author, no one
has utilised the information given in the real-values of the neural network
output. The highest output has usually been converted to 1 and the other
outputs to 0. In many applications a binary classification might in fact be
the only option. However, in other, less rigid, circumstances it might be
possible to utilise the information stored in the magnitude of the outputs.
A very high value on one of the outputs and very low ones on the other
outputs may indicate significant confidence in the classification. If, on the
other hand, two or more of the highest outputs are almost equal it might
indicate that the classification is less certain.

To see if the above properties held, the output magnitudes for NN6-6
were investigated for the five test sets. The results showed that for the
wrongly classified modulation schemes a high proportion of the second-
highest outputs in fact corresponded with the correct modulation scheme
(Table 3.7).

TEST SET 1ST CORRECT 2ND CORRECT NONE CORRECT
1 (5 dB SNR) 382 120 (55%) 98 (45%)
2 (10 dB SNR) 569 26 (84%) 5 (16%)
3 (15 dB SNR) 590 10 (100%) 0 (0%)
4 (20 dB SNR) 595 5 (100%) 0 (0%)
6 (25 dB SNR) 599 1 (100%) 0 (0%)

Table 3.7: Distribution of: correct output where highest output corresponds
to correct modulation scheme (1ST CORRECT); wrong output but where
second-highest output corresponds to correct modulation scheme (2ND
CORRECT); wrong output where neither the highest nor second highest
output correspond to the correct modulation scheme (NONE CORRECT).
Percentage in brackets represent distribution when wrongly classified.

Thus, when wrongly classified, the second-highest output corresponded
to the correct class in about 55% of the occasions for test set 1, 84% of the oc-
casions for test set 2 and 100% for the test sets 3, 4 and 5. Furthermore, Ta-
ble 3.8 shows that the average difference between the two highest outputs is
large for the correct classifications (1ST CORRECT) and markedly smaller
for the wrong classifications where the second highest output corresponds to
the correct class (2ND CORRECT). The difference is again fairly large for
the wrong classifications where neither the highest nor second-highest out-
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put correspond to the correct class (NONE CORRECT). However, NONE
CORRECT occurs infrequently.

TEST SET 1ST CORRECT 2ND CORRECT NONE CORRECT
1 (5 dB SNR) 0.64 0.46 0.35
2 (10 dB SNR) 0.71 0.24 0.53
3 (15 dB SNR) 0.76 0.21 -
4 (20 dB SNR) 0.77 0.35 -
6 (25 dB SNR) 0.78 0.12 -

Table 3.8: Average difference between the two highest outputs.

These results suggest that this classifier can, in addition to predicting a
modulation scheme, provide information about the certainty of the predic-
tion. In the situation of a wrong classification it would also be possible to
do an informed guess about the second most likely modulation scheme.
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Chapter 4

Discussion and Future Work

The signals generated here were distorted only by additive white Gaussian
noise. For more realistic signals one could for example introduce band-
limitations [2] and multi-path distortion such as fading and Doppler effects
[6, 16]. The QAM8 and ASK4 schemes used here had different amplitude
levels. The differentiation between them is fairly simple using only the
instantaneous amplitude features because the ASK4 amplitude levels are at
1 and 1/3 whereas the QAM8 levels are at 3 and 1. For a more realistic
classification, the maximum amplitude should be the same for all modulation
schemes (this could be done by dividing the QAM8 amplitude by 3).

The instantaneous attributes were filtered through a median filter to
attenuate noise. However, a much more thorough investigation into filtering
and equalisation techniques should be carried out in order to see what effect
they have on the performance. The effects should also be evaluated against
the extra processing time they introduce.

The simple key feature extraction from the instantaneous attributes has
been shown to be adequate for the low level modulation schemes considered
here. If classifying other modulation schemes, however, these simple features
may be insufficient. New statistical features, such as higher-order moments
and cumulants, have been proposed by [17, 6, 5, 11, 10] to handle a greater
range of modulation schemes.

The neural networks used here only varies the number of nodes in the
hidden layers. Other neural network parameters and set-ups should also
be investigated more thoroughly to obtain a more optimal structure. A
tan-sigmoid activation function was used for the hidden layers a log-sigmoid
activation was used for the output layer similar to [1]. There is however no
reason why a tan-sigmoid should not also be used for the output layer. This
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would mean a larger separation between the valid outputs (-1 and +1 rather
than 0 and 1). The results have also shown that by not forcing the real-
valued outputs to e.g. binary values, the magnitudes can supply certainty
information about the classification. This can also help to make an informed
guess on other modulation schemes in the case of a wrong classification.

Another important issue is the training algorithm. The networks were
trained using the LM algorithm, which proved to give good results for the
classifier in [1]. This is a fast algorithm but it requires a fairly large amount
of storage space. Also, a simple benchmark test presented in [12] suggests
that other training algorithms might be worth testing. In this benchmark
test the LM algorithm performed relatively poorly compared to some other
algorithms on classification problems similar to the one investigated here.

Finally, the MLP has been by far the most common neural network for
modulation classification [1, 3, 4, 8, 13, 16, 17]. It might, however, be worth
investigating the use of specialised networks such as hierarchical networks
as they have shown promising results ([5, 6, 9]).
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Chapter 5

Conclusion

This report has described an experiment classifying six modulation schemes
using different sized Multi-Layered Perceptrons (MLPs). The classification
was based on simulated signal segments with various signal-to-noise ratios
(SNRs). The signal segments were pre-processed in order to reduce the
dimension of the input to the neural network. The pre-processing consisted
of extracting six key features from the instantaneous attributes of the signal.

The best results were obtained by using a MLP with two hidden layers
each containing six nodes. The classifier achieved 63.3% success rate on test
signals with 5dB SNR and success rates of 94.8% - 99.8% on test signals
with SNR ranging from 10 dB to 25 dB. It was suggested that the relatively
poor results on the 5dB SNR test signals were due to high noise sensitivity
on some of the key features.

It was found that the magnitude of the MLP outputs contained infor-
mation about the certainty of the modulation scheme prediction. When
wrongly predicted a very high proportion of the second-highest outputs cor-
responded to the correct modulation scheme (55% for test set 1, 84% for
test set 2 and 100% for test sets 3 to 5). The average difference between the
two highest outputs was also much smaller in these cases compared to the
difference when the classification was correct.
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Appendix A

Instantaneous Attributes

This section shows examples of the instantaneous amplitude, phase and
frequency of signals with 15 dB SNR.

Figure A.1: ASK2 instantaneous amplitude
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Figure A.2: ASK2 instantaneous phase

Figure A.3: ASK2 instantaneous frequency

Figure A.4: ASK4 instantaneous amplitude
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Figure A.5: ASK4 instantaneous phase

Figure A.6: ASK4 instantaneous frequency

Figure A.7: PSK4 instantaneous amplitude
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Figure A.8: PSK4 instantaneous phase

Figure A.9: PSK4 instantaneous frequency

Figure A.10: FSK2 instantaneous amplitude
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Figure A.11: FSK2 instantaneous phase

Figure A.12: FSK2 instantaneous frequency

Figure A.13: FSK4 instantaneous amplitude
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Figure A.14: FSK4 instantaneous phase

Figure A.15: FSK4 instantaneous frequency

Figure A.16: QAM8 instantaneous amplitude
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Figure A.17: QAM8 instantaneous phase

Figure A.18: QAM8 instantaneous frequency
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Appendix B

Classification Results

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 59 0 41 0 0 0
ASK4 87 1 12 0 0 0
PSK4 9 0 91 0 0 0
FSK2 28 0 72 0 0 0
FSK4 100 0 0 0 0 0
QAM8 1 8 2 0 0 89

Table B.1: Test set 1 (5 dB SNR) on NN3-3

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 4 0 96 0 0 0
FSK2 20 0 77 0 0 3
FSK4 100 0 0 0 0 0
QAM8 0 0 0 0 0 100

Table B.2: Test set 2 (10 dB SNR) on NN3-3
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 17 0 83 0 0 0
FSK2 17 0 63 0 0 20
FSK4 100 0 0 0 0 0
QAM8 0 1 0 0 0 99

Table B.3: Test set 3 (15 dB SNR) on NN3-3

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 6 0 94 0 0 0
FSK2 11 0 49 0 0 40
FSK4 100 0 0 0 0 0
QAM8 0 1 0 0 0 99

Table B.4: Test set 4 (20 dB SNR) on NN3-3

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 0 0 100 0 0 0
FSK2 8 0 37 0 0 55
FSK4 100 0 0 0 0 0
QAM8 0 0 0 0 0 100

Table B.5: Test set 5 (25 dB SNR) on NN3-3

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 0 31 2 18 49 0
ASK4 0 0 0 0 100 0
PSK4 1 36 4 38 20 1
FSK2 0 17 4 53 24 2
FSK4 0 0 0 0 100 0
QAM8 0 0 13 0 64 23

Table B.6: Test set 1 (5 dB SNR) on NN5-5
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 98 0 2 0 0 0
ASK4 0 99 0 0 1 0
PSK4 1 0 86 13 0 0
FSK2 2 0 14 84 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.7: Test set 2 (10 dB SNR) on NN5-5

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 6 0 94 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.8: Test set 3 (15 dB SNR) on NN5-5

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 3 0 96 1 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.9: Test set 4 (20 dB SNR) on NN5-5

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 98 2 0 0 0
PSK4 0 0 100 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 1 0 99 0
QAM8 0 0 0 0 0 100

Table B.10: Test set 5 (25 dB SNR) on NN5-5
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 85 0 4 10 1 0
ASK4 0 2 0 4 89 5
PSK4 16 0 48 34 2 0
FSK2 11 0 23 50 16 0
FSK4 0 0 0 0 100 0
QAM8 0 2 1 0 0 97

Table B.11: Test set 1 (5 dB SNR) on NN6-6

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 98 0 2 0 0 0
ASK4 0 100 0 0 0 0
PSK4 1 0 86 13 0 0
FSK2 1 0 14 85 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.12: Test set 2 (10 dB SNR) on NN6-6

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 8 0 92 0 0 0
FSK2 0 0 1 99 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.13: Test set 3 (15 dB SNR) on NN6-6

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 5 0 95 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.14: Test set 4 (20 dB SNR) on NN6-6
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 99 0 0 0 1
PSK4 0 0 100 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.15: Test set 5 (25 dB SNR) on NN6-6

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 21 13 33 1 32 0
ASK4 0 58 12 0 30 0
PSK4 1 0 74 0 25 0
FSK2 1 0 50 14 35 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.16: Test set 1 (5 dB SNR) on NN7-5

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 1 0 86 13 0 0
FSK2 3 0 14 83 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.17: Test set 2 (10 dB SNR) on NN7-5

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 8 0 92 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.18: Test set 3 (15 dB SNR) on NN7-5
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 5 0 95 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.19: Test set 4 (20 dB SNR) on NN7-5

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 0 0 100 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.20: Test set 5 (25 dB SNR) on NN7-5

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 0 0 1 0
ASK4 2 10 0 0 62 26
PSK4 38 0 58 2 2 0
FSK2 34 0 35 14 17 0
FSK4 4 0 0 0 96 0
QAM8 39 0 0 0 18 43

Table B.21: Test set 1 (5 dB SNR) on NN5-9

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 98 0 2 0 0 0
ASK4 0 100 0 0 0 0
PSK4 2 0 84 14 0 0
FSK2 1 0 15 84 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.22: Test set 2 (10 dB SNR) on NN5-9
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 97 0 2 1 0 0
ASK4 0 100 0 0 0 0
PSK4 4 0 93 3 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.23: Test set 3 (15 dB SNR) on NN5-9

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 4 0 95 1 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.24: Test set 4 (20 dB SNR) on NN5-9

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 0 0 100 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.25: Test set 5 (25 dB SNR) on NN5-9

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 91 0 0 0 9 0
ASK4 1 23 0 48 28 0
PSK4 29 0 15 0 54 2
FSK2 20 0 2 0 78 0
FSK4 0 1 0 0 99 0
QAM8 0 0 0 0 32 68

Table B.26: Test set 1 (5 dB SNR) on NN12-8
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Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 97 0 3 0 0 0
ASK4 0 100 0 0 0 0
PSK4 2 0 86 12 0 0
FSK2 3 0 15 82 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.27: Test set 2 (10 dB SNR) on NN12-8

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 99 0 1 0 0 0
ASK4 0 100 0 0 0 0
PSK4 4 0 96 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.28: Test set 3 (15 dB SNR) on NN12-8

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 2 0 97 1 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.29: Test set 4 (20 dB SNR) on NN12-8

Actual Predicted modulation scheme
modulation scheme ASK2 ASK4 PSK4 FSK2 FSK4 QAM8

ASK2 100 0 0 0 0 0
ASK4 0 100 0 0 0 0
PSK4 0 0 100 0 0 0
FSK2 0 0 0 100 0 0
FSK4 0 0 0 0 100 0
QAM8 0 0 0 0 0 100

Table B.30: Test set 5 (25 dB SNR) on NN12-8
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