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Abstract— This paper presents a verity of K-Nearest Neighbors (KNN) classifiers
along with different statistical features in order to classify MPSK and MQAM
signals. Further, the performance of proposed KNN classifiers with different values
of ‘K’ and distance functions are analyzed under non-ideal channel conditions.
Finally, to prove the superiority of the proposed KNN classifiers the performance is
compared with that of the literature approaches at various SNR values.
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1. INTRODUCTION

Security is the key issue in many communication applications especially for military
applications [1]. In contrast to this, the authorities of boarder security may wish to
monitor unlicensed transmitters for jamming their signals. The necessary action of doing
so is to identify or recognize the modulation class of that intercepted signal. Such type of
actions also arise in several other applications such as interference management, signal
authorization, verification, and selection of appropriate demodulation techniques in
electronic combat, threat analysis, and so on. Modulation Recognition (MR) is also useful
to recognize the suspicious transmitter in the near geographical site and to generate
jamming signals to stop communication between the suspicious users. On the other hand,
AMC provides as an additional level of encryption to the data and preventing unknown
receivers from recovering the information without any awareness of the modulation type
[2]. In recent civilian applications, more number of modulation formats can be employed
by a transmitter to manage the data rate, to reduce the individual bandwidths of every
user, and to assure the integrity of the message. However, the group of modulation
formats is known both to transmitter and receiver. The choice of the modulation format is
adaptive and may not be known at the receiving end. Therefore, an AMC mechanism is
required for the receiving end to recognize format of modulated signal and to select the
proper demodulation approach in order to recover the original message. Therefore, MR
becomes an essential part of future Adaptive Radio Systems (ARSs) [3].

Broadly MR approaches are classified in to joint Time-Frequency Analysis (TFA),
Decision Theoretic (DTC) or Maximum Likelihood (ML), Wavelet Transform (WT),
statistical and Feature Based (FB) or Pattern Recognition (PR) approaches [4-9].
Amplitude and frequency variations of the signal can be effectively tracked by TFA but it
is unable to track the phase variations in the signal. Hence, TFA is capable in
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classification of MASK, MFSK AM and FM modulated signals but not of MQAM and
M-ary PSK signals [10-11].

In DTC approaches [12-15], a prior knowledge about signal and channel
characteristics is necessary to get optimum performance which is impractical. These
algorithms are computationally complex, and these are sensitive to phase, frequency
offsets and synchronization errors. In order to reduce the computations and to avoid the
prior information of the signal characteristics, a new approach namely wavelet transform
method is introduced for MR [16-18]. It has the capability of extracting the transient
information about the variations in signal amplitude, phase, and frequency. The extracted
transient information is capable of classifying the signal through simple methods.

A statistical signal method extracts the modulation type by considering different non-
linearity properties such as higher order correlation, moments and cumulants in complex
envelope of the signal. These HOS and cyclostationary statistics of signals are further
used for classification [19-22]. Statistical approaches are easy to implement and require
very less time for recognition of accurate modulation type. However, the selection of
right feature set is required in order to achieve improved performance by the statistical
approaches. The FB approaches eliminates the need of prior information about the
signal and channel. So these approaches are practically realizable and are able to
work under different noisy conditions [23-26]. Recently, PR approaches such as
Neural Network (NN), Back Propagation Neural Network (BPNN) in order to achieve
better classification accuracy than Kolmogorov Smirnov (KS) and HoS approaches [27],
[28].

The organization of the article is as follows: the feature extraction and feature selection
is discussed in Section 2. KNN algorithm for MR is presented in Section 3. Simulation
results of KNN based MR algorithm in non-ideal channel conditions is discussed in
Section 4. Finally, section 5 depicts the critical conjectures of the paper.

2. SYSTEM MODEL
The received signal at receiver r(n) is given by
rin} = mln) + f(n) (1)

where m(n) is a signal which is transmitted and f(n) is fading noise added in the
channel.
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Fig. 1 Framework of Proposed Approach
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The received signal r(n) is given by [3]
r(n) = ‘.._Jjg'.':::-':i’!".".n"-p+ﬂr::'E$=_xm{kjh{{ﬂ —k+&T) )

here m(K) is input binary stream, h(.) is channel effects, ©n is phase jitter, € is time
shifts occurred in channe, A is the amplitude and T is symbol time.

The diagrammatic procedure of proposed MR scheme is shown in Fig. 1. Initially a set
of 39 statistical features are extracted from each modulation class signal which includes
cumulants, moments and ratios. Thereafter, to reduce the training time and classification
time, a set of 11 noise robust features are chosen using rough set theory investigations.
For classification, proposed KNN classifiers are trained with the selected features of all
modulation classes. In the testing phase, the selected features of the signal are extracted
and passed through a trained PRC to recognize the modulation format of an unknown
modulated signal.

The moments of the signal depend on the order of the statistical features, and they are
given by [2]

‘H?-'IT = E[T{ﬂ]p_q?"-{'ﬂ] lT] (3)

Here p, q are the integers, r(n) is the received signal, and r*(n) is the complex
conjugate of the received signal.

Multi-order moments Mo Mzs. Moz, Mag. Mgy Myg, Myz. Mep, Mgy, Mgz, Mgz Moy g

Meq gre calculated from the equation (3) to derive the multi-order cumulants. The
cumulants of a signal are a set of statistical quantities that provide an alternative to the
moments of the distribution and these are derived from moments [3].

A set of 11 noise robust features Czq.C24. Cape Cate Canr Cipe Cae Cane CazCope and gy are
selected for training the proposed PRC’s. A set selected features are extracted from an
unknown received signal after signal pre-processing. The extracted features are further
passed through the trained PRC’s for modulation reorganization.

3. KNN BASED PRC FOR AMC

The KNN is a supervised learning classifier and it is capable of classifying multi-class
objects [29]. To classify a signal, KNN algorithm measures similarity index based on
distance with all available classes of signals, and then the signal is assigned to a
modulation class through a majority vote among its K-nearest neighbors. Based on size of
data set, the value of K is chosen and it decides the performance of the classifier. In KNN
approach K value and distance function affects the performance of the classifier. In
general, higher K value minimizes the impact of the noise on the classification accuracy,
but makes margins among classes with less distinct. The algorithmic approach for KNN
classifier is shown in Fig. 2.

Inputs:
1. Set of ‘N’ reference modulated signals from each class of modulation under various

noise conditions with a set of extracted features sets £&

2. Extracted set of feature fu of an unknown signal is to be recognized.
3. Pre-defined K value and distance function.
Output: Specific Modulation Class

Step 1: Determine the distance between Futo all reference feature sets F&is calculated

using predefined distance function.
Step 2: Keeps the distance values D(Fu, FR) in descending order
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Step 3: Stores the modulation class of each distance value in D.

Step 4: Select the first K distance values from D.

Step 5: Extract the modulation classes of first K distance values.

Step 6: Find the majority class among the first K modulation classes and returned as a
classification decision.

Fig. 2 Algorithmic approach for proposed KNN classifier

Based on the K value and distance functions, the KNN’s are subcategorized into Fine
KNN, Medium KNN, Coarse KNN, Cosine KNN, Cubic KNN, and Weighted KNN. The
characteristics of each KNN are shown in Table | [24]. The performance of proposed
KNN classifier is tested with various values of K such as 1, 10 and 100, and with
different distance functions such as Euclidean, cosine and cubic distances. In weighted
KNN, the decision is taken by calculating the weighting function from the Euclidean
distance value.

Table I. KNN Classifiers

Classifier Type K Distance Function Distance (d)
[ n
Fine KNN 1 Euclidean Distance |Z B —q; )"
.\I i=1
[ n
Medium KNN 10 Euclidean Distance |Z B —q; )"
.\I i=1
[ n
Coarse KNN 100 Euclidean Distance |Z iz —gq; )
.\I i=1
P.q
Cosine KNN 10 Cosine Distance ==
Pllgl
m ]'_.'g
Cubic KNN 10 Cubic Distance ( lp: — q,_-lﬂ)
=1
. Distance Weighting & .
Weighted KNN 10 Euclidean Distance W= Krd‘

4. SIMULATION RESULTS AND DISCUSSIONS

The performance analysis of proposed KNN classifiers for AMC is carried out under
non-ideal channel conditions. MPSK (with M=2, 4 and 8), 4QAM, 16QAM, and 64QAM
signals are considered for the simulation to validate the efficiency of proposed PRC.
Several multipath fading conditions are considered by varying the number of paths,
frequency selective fading along with AWGN conditions for different values of SNR
from 0 to 20 dB.

From the experimental tests, 1000 copies of each modulation class are considered
under varying noise conditions. For each copy of the modulated signal, a set of 11
selective statistical features are extracted for training and testing. The performance
measures are carried out with 90% percentage of training and 10% testing. The
performance metrics of the proposed PRC are classification accuracy or true positive rate
and false negative rates. Table Il represents the confusion matrix for different KNN
classifiers using multi-order cumulants at different SNRs. Diagonal elements in the
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confusion matrix denotes the true classification rates and off diagonal elements represent
false negative rates.

The classification performance of Fine KNN and Medium KNN with 90% training is
shown in Fig. 3 and it is clear that Fine KNN classifier is unable to classify the 8PSK,
16QAM and 64QAM modulation classes at lower SNR values. Therefore, the average
accuracy of Fine KNN and Medium KNN at 0 dB is 79.4% and 78.9% respectively.
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Fig. 4 Performance of Coarse and Cosine KNN Classifiers

The classification performance of Coarse KNN and Cosine KNN is shown in Fig. 4.
Coarse KNN classifier provides fewer distinctions than a Fine KNN and Medium KNN.
The average classification accuracy of Coarse KNN and Cosine KNN at 0dB are 78.3%
and 76.1% respectively.

The classification performance of Cubic KNN and Weighted KNN is shown in Fig. 5.
Cosine KNN measures cosine distance to make distinctions between the classes, where as
Cubic KNN uses cubic distance. The classification accuracy of Cubic and weighted
KNN’s at 0 dB are 80% and 77.2% respectively.
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Table I1. Confusion matrix of proposed KNN classifiers with 90% Training

s True SNR
Classifier
Class 0dB 5dB 10dB 15dB 20dB
BPSK 100 0 0 0O 0 O 1000 0 0 0 O O 1000 0 0 O O O 100 O 0 0O 0 O 100 O 0 0 0 0
QPSK 0 97 0 O 3 0 100 0 0 0 O 0 100 0 0 0 O 0 100 O 0O 0 O 0 100 O 0 0 0
Fine 8PSK 0O 0 73 0 14 13 0 0 8 0 13 0 0 0 97 0 3 0 0O 0 100 0 0 O 0 0 100 O 0 0
KNN 4Q0AM 0 0 0 1000 O 0 0 0 100 0 O 0 0 0 100 0 O 0 0 0 100 0 O 0 0 0 100 O 0
160AM 0 0 23 0 47 30 0 0 4 0 83 13 0 0 0 0 93 7 0 0 3 0 97 0 0 0 0 0 100 O
64QAM 0 3 3 0 34 60 0 3 0 0 2473 0 0 0 0 7 93 0 0 0 0 3 97 0 0 0 0 0 100
BPSK 100 0 0 0 O O 1000 0 0 0O O O 1000 0 0 O O O 100 O 0 0 0 O 100 O 0 0 0 0
QPSK 0 97 0 0 3 O 0 100 0 0 0 O 0 100 0 0 0 O 0 100 O 0O 0 O 0 100 O 0 0 0
Medium 8PSK 0 0 67 0 27 6 0 0 9 0 10 O 0 0 93 0 7 O 0O 0 100 0 0 O 0 0 100 O 0 0
KNN 4QAM 0 0 0 1000 O 0 0O 0 100 0 O 0 0O 0 100 0 O 0 0 0 100 0 O 0 0 0 100 O 0
160AM 0 0 23 0 47 30 0O 0 3 0 9 7 0 0O 0 0 93 7 0 O 0 0 97 3 0 0 0O 0 100 O
64QAM 0 3 4 0 30 63 0 3 0 0 2473 0 0 0 0 10 90 0 0 0 0 7 93 0 0o 0 O 0 100
BPSK 97 3 0 0 0 O 1000 0 0 0O 0 O 97 3 0 0 0 O ]60 0 0 0 0 O 100 O 0 0 0 0
QPSK 0 97 0 0 3 O 0 100 0 0 0 O 0 100 0 0 0 O 0 100 O 0 0 O 0 100 O 0 0 0
Coarse 8PSK 0 0 63 0 30 7 0 0 8 0 13 0 0 0 93 0 7 O 0O 0 100 0 0 O 0 0 100 O 0 0
KNN 4QAM 0 0 0 100 0 O 0O 0O 0 100 0 O 0 0 0 100 0 O 0 0 0 100 0 O 0 0 0 100 O 0
160AM 0 0 26 0 47 27 0 0 3 0 8314 0 0O 0 0 97 3 0 0 0 0 97 3 0 0 0O 0 100 O
64QAM 0 6 0 0 27 67 0 0 0 0 2377 0 0 0 0 2377 0 0 0 0 7 93 0 0 0 0 0 100
BPSK 100 0 0 0 O O 100 0 0 0 O O 1000 0 0 0O O O ]bo 0 0 0O 0 O 1000 0 0 O 0 0
QPSK 0 93 0 0 0 7 0 100 0 0 0 O 0 100 0 0 0 O 0 100 O 0 0 O 0 100 O 0 0 0
Cosine 8PSK 0 0 70 0 23 7 0 0 93 0 7 O 0 0 97 0 3 O 0O 0 100 0 0 O 0 0 100 O 0 0
KNN 4QAM 0 0 0 100 0 O 0O 0O 0 100 0 O 0 0 0 100 0 O 0 0 0 100 0 O 0 0 0 100 O 0
16QAM 0 0 27 0 50 23 0 0 3 0 9 7 0 0 3 0 93 4 0 0 7 0 9 3 0 0 0 0 100 O
64QAM 0 3 0 0 53 44 0 10 0 0 20 70 0 3 0 0 10 87 0 0 3 0 4 93 0 0o 0 O 0 100
BPSK 97 3 0 0 0 O 1000 0 0 0 0 O 100 0 0 0O O O ]60 0 0 0 0 O 100 O 0 0 0 0
QPSK 0 100 0 0 0 O 0 100 0 0 0 O 0 100 0 0 0 O 0 100 O 0 0 O 0 100 O 0 0 0
CP:(L:\?,I\(I: 8PSK 0 0 67 0 30 3 0 0 9 0 10 O 0 0 93 0 7 O 0O 0 100 0 0 O 0 0 100 O 0 0
4Q0AM 0 0 0 100 0 O 0O 0O 0 100 0 O 0 0 0 100 0 O 0 0 0 100 0 O 0 0 0 100 O 0
16QAM 0 0 20 0O 50 30 0 0O 3 0 9 7 0 0 0 0 93 7 0 0 0 0 97 3 0 0 0 0 100 O
64QAM 0 3 3 0 27 67 0 3 0 0 17 80 0 0 0 0 10 90 0 0 0 0 7 93 0 0 0 0 0 100
BPSK 97 3 0 0 0 O 1000 0 0 0 0 O 100 0 0 0O O O ]60 0 0 0 0 O 100 O 0 0 0 0
QPSK 0 97 0 0 O 3 0 100 0 0 O O 0 100 0 0 O O 0 100 O 0 0 O 0 100 0 O 0 0
Weighted 8PSK 0 0 67 0 27 6 0 0 9 0 10 O 0 0 97 0 3 O 0O 0 100 0 0 O 0 0 100 O 0 0
KNN 4QAM 0 0 0 100 0 O 0 0O 0 100 0 O 0 0O 0 100 0 O 0 0 0 100 0 O 0 0 0 100 O 0
160AM 0 0 23 0 44 33 0O 0 3 0 87 10 0 0 0 0 93 7 0 0 3 0 97 0 0 0 0O 0 100 O
64QAM 0 3 3 0 34 60 0 3 0 0 2473 0 0 0 0 10 90 0 0 0 0 3 97 0 0 0 0 0 100
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Fig. 5 Performance of Cubic and Weighted KNN Classifiers

The performance comparison of all KNN classifiers is shown in Fig. 6. Among all
KNN’s Cubic and Medium KNN classifiers achieves better performance in modulation
classification i.e. cubic and Euclidean distance functions with K value of 10 provides the
better classification with KNN classifier for AMC of MPSK and MQAM signals.
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The performance comparison of best three KNN classifiers with existing approaches is
shown in Fig. 7. Most of the existing approaches are not considering MPSK, MQAM
signals along with MASK and MFSK signals. As the number of modulation techniques
increases, then the performances of existing approaches are degraded. With all classes of
MPSK and QAM signals, the proposed KNN classifiers achieve better classification
accuracy even at lower SNR values than that of existing approaches. From these
simulation results, it is proved KNN classifiers provide optimal classification accuracy in
terms of modulation recognition under non-ideal channel conditions than the existing
approaches.

Table Il1. Performance of proposed KNN classifiers with different training cases

o o Classification Accuracy (%)
Training % Classifier
0dB | 5dB | 10dB | 15dB | 20dB
Fine KNN 76.8 | 929 | 98.2 99.1 100
Medium KNN | 79.9 | 933 | 975 98.3 100
Coarse KNN 79 | 935 | 97.3 98 100
80 Cosine KNN 774 | 932 | 96.8 97.8 100
Cubic KNN 79.8 | 933 | 974 98.4 100
Weighted KNN | 78.3 | 93.8 | 98.3 99 100
Fine KNN 76.8 | 924 | 97.1 98.7 100
Medium KNN | 79.7 | 93.7 | 97.6 98 100
20 Coarse KNN 80 | 929 | 96.8 97.6 100
Cosine KNN 78.8 | 93.3 | 96.8 97.3 100
Cubic KNN 79.8 | 93.7 | 974 97.8 100
Weighted KNN | 78.6 | 93.1 | 98.1 98.4 100
Fine KNN 76.3 | 929 | 97.3 98.6 100
Medium KNN | 78.8 | 92.7 | 97.3 98.2 100
Coarse KNN 79.3 | 928 | 96.8 97.9 100
%0 Cosine KNN 78 | 921 | 96.3 97.5 100
Cubic KNN 786 | 925 | 97.3 98.1 100
Weighted KNN | 80.2 | 949 | 99.3 99.3 100
Fine KNN 75 | 928 | 97.2 98.6 100
Medium KNN | 789 | 92.8 | 97.2 98.6 100
Coarse KNN 78.9 | 92.7 | 96.7 98.1 100
>0 Cosine KNN 78 | 928 | 96.3 98.1 100
Cubic KNN 789 | 928 | 97.1 98.5 100
Weighted KNN | 80.3 | 95.6 | 98.7 99 100

The performance analysis of the proposed KNN classifiers with different percentage of
training is shown in Table Ill. From the results, it is proved that the classification
performance of proposed classifiers is better than existing approaches, even with less
training.

5. CONCLUSION

In this paper, KNN classifiers are developed for AMC of MPSK and MQAM signals.
Extraction of different higher order statistical features for each modulation class and
selection of appropriate futures for training is presented. The performance of proposed
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KNN classifiers is analyzed under non-ideal channel conditions with various values of
SNR. From the simulation results, it is proved that even with more classes of MPSK and
MQAM signals, the proposed KNN classifiers achieve more classification accuracy even
at lower SNRs than that of existing approaches. Further the research can be extended by
incorporating optimization algorithms along with the proposed pattern recognition
algorithms, to improve the classification accuracy and to reduce the training time. By
establishing a complete communication link with Universal Software Radio Peripherals
(USRPs), the realistic signals are traced and the proposed classifiers are applied for the
analysis of the performance of proposed algorithms in real time applications.
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