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Introduction
Used feature in this paper : Transient behaviour.
		- Duration of feature : a few microseconds ~ a few tens of milliseconds → Type and Model dependency
		- Causes : Variety of sources (e.g. Phase-Locked-Loop(PLL) frequency synthesis systems, modulator subsystems, RF amplifiers, antenna, switch and relay characteristics)
		- Possible application : Spectrum management operations (i.e. Prevent the unauthorized use of spectrum)

Several Signal Processing procedure for transmitter identification system : 
- Step 1 : Capturing the signal with high fidelity and resolution
- Step 2 : Localization of the occurrences of turn-on transient in the signal data;
- Step 3 : Extraction of features.
- Step 4 : Classification of the unknown transient using known signal data.

There are two approaches for using the Transient characteristics for RF Fingerprinting.
1. The recording and analysis of signals from the receiver’s FM discriminator-output (DO) signal (DS system) [1]–[7], 
2. The envelope or amplitude characteristics of the received intermediate-frequency (IF) output signal (IF system) [8]–[9]. 
Because the amplitude & phase information are important for RF Fingerprinting system [10] and these are discarded from the DS systems, second approaches is used in this paper.
* DS systems : The circuit for transfer the instantaneous frequency information to amplitude changes.

This paper is upgraded version of reference paper [10] : 
- The characteristics of radio-transmitter fingerprints are examined by analyzing both amplitude and phase information obtained from complex envelope (CE) recording systems. 
- This approach offers distinct advantages over DO and IF envelope–based systems;
- It does not describe a classification system.

In this paper,
- A novel radio-transmitter classification system using a CE technique is presented. 
- Transient features are extracted by a technique based on the variance dimensions of transient signals and classified with a probabilistic neural network (PNN). 
- Better performance for the Complex Envelope (CE) system is obtained in comparison to DO and IF envelope–based systems. 
- Performance of the CE system is evaluated under conditions of varying battery voltage, ambient temperature level and channel noise. 
- It is shown that performance degradation caused by environmental changes can be compensated by training the system with transients collected under a wide range of environmental conditions.

Transmitter Identification System
Procedures of a transmitter identification system : 1) Acquisition of the signal of interest, 2) Detection of the start of the transient in the signal data, 3) Extraction of the features, 4) Classification of the unknown transients.
2.1 Data Acquisition
The complex-signal recording procedure is : 
	[image: ]

	Figure 1. (a) Experimental setup

	[image: ]

	Figure 1. (b) Quadrature demodulator (I/Q demodulator)



- Distance between transmitter and receiver is .


- The transmitters were keyed by using the automatic push-to-talk (PPT) control method. And the transmitter was turned on for  and off for .

- The IF output of the receiver at  was processed by an I/Q demodulator. 




- The output of I/Q demodulator (i.e. , signals) were sampled and digitized with  resolutions at a rate of .




- Because of the anti-alias filter, the BW of and  signals is  which is centered at about .



Fig. 2 illustrates the  and  components of a typical captured transient signal.
[image: ]

2.2 Transient detection
From Fig. 2, we could see that there are channel noise, transient signal, and regular transmission signals. Because the detection of transient signal could affect the classification system, detection and extraction of transient signal is important.

In this paper, a power-threshold-based approach is used to detect starting point of transient signals.

We could define the complex envelop  such as : 

 (1)

The real instantaneous amplitude of IF signals, , can be calculated like this : 

 (2)



At here,  means -th sample of the signal 



In this paper, to find the sudden increase of transient signals, comparison of current instantaneous amplitude with running average values is used. If the signal amplitude is larger than running average for  samples, we could decide the starting point. At here,  is determined by experimental method.

2.3 Feature extraction




Turn-on transient signals show characteristic variations in both amplitude and phase profiles. So, the and  signals can be mapped onto the 2-D complex plane as a rotating vector (i.e. / domain). This rotating vector has unique trajectory (i.e. unique amplitude and phase information). So, it could be used to feature vectors.
[image: ][image: ]


The displacement vector for time interval  () is calculated as :

 (3)


 In this study, variances of displacement vectors, calculated at different  time intervals, are used for feature extraction. Calculated variance values are plotted versus  on a log-log scale, and the slope of this resulting curve is used as a feature. The features correspond to a variance fractal dimension, and in this specific application, they are related to the spread of the time variation of the signal amplitude and phase at different time scales.
Transient signals and other nonstationary signals can be considered as outputs of chaotic dynamic systems [2], which can be modelled by their dimension measures [12]. However, transient signals are not pure fractals because their properties change with time. In this study, local fractal dimensions are calculated by a sliding-window technique, whereby the variance fractal dimension is estimated for successive portions (windows) of the signal. The dimension values obtained in this way are then combined in a vector which composes the feature vector. The transients are reduced to approximately 50 to 200 feature values from 2000 to 3000 complex samples. The exact sizes of the window and feature vector are experimentally determined by trial and error to give the best classification performance.
[image: ]
Fig. 5 shows the variance multifractal model of a typical complex signal calculated using a window and feature-vector size of 128 and 170 respectively.

Sammon mapping [13] : 
- In order to have a better understanding of the intrinsic structure of feature vectors, a mapping technique is utilized. 
- Sammon mapping method is the mapping technique which could visualize the multi-dimensional feature vectors on a two-dimensional plot.
- We could suppose that the projected two-dimensional plot has a similar structure to high dimensional plot.
- This positioning could be calculated by minimizing a criterion function based on the Euclidean distance between the original and projected points. 


2.4 Classification
Feature vectors are normalized to make the zero mean and average absolute deviation equal to unity. This normalized feature vectors are inputted to Probabilistic Neural Network(PNN) [14].
[image: ] [image: ]
- Each output (summation) neuron of the PNN is dedicated to a single transmitter. 
- It simply sums the activation values of all pattern-layer neurons corresponding to known transient samples of that transmitter. 
- The final activation levels of all classes (transmitters) are compared, and the output neuron with the highest activation level is declared as the most probable class to which the transient being tested could belong. 
- If the activation level is smaller than a preset threshold value, then the input transient sample is rejected as an unknown transient. In this specific study, the rejection threshold was kept high enough so that none of the transients were rejected as unknown. 

Self Organizing map (SOM) [15] : 
- The PNN stores all of the training vectors in memory, and the memory requirement, training and processing time grow linearly with the number of training vectors. 
- In order to reduce this effect, a preprocessing stage (a self-organizing map (SOM)) has been introduced before the PNN. 


- The SOM is applied to reduce the number of training feature vectors if this number is greater than  for that class, where  is a preset threshold value. 

- As a result, the SOM network realizes an abstraction of a big population by generating  feature vectors that represent and summarize the input population for that class. 
- The inclusion of SOM preprocessing accelerates PNN training and classification while yielding lower memory requirements.
2.5 System Structure
The overall system structure of the CE system is : 
[image: ]
Performance comparison
Three different sets of transmitters were used in the experiments. Transmitters were grouped according to their operating frequencies. 
[image: ][image: ]
Comparison environment of experiments : CE system vs IF envelope vs DO systems. 
- All systems used variance dimensions for feature extraction and PNN for classification. 
- The system parameters (e.g. window length, number of features) were experimentally optimized. 
- The DO system used the discriminator output of the radio. 
=> This output is related to the time derivative of the received signal’s phase. 
- The CE system extracted phase and amplitude information from the IF output using an explained method. 
- The IF envelope system, used only the time variation of the signal amplitude, discarding the phase :

 (4)

The experimental results are summarized in Table 2. Total 24 training samples and total 100 testing samples are used and accuracy about classification was calculated. As seen from Table 2, The performance of the CE system is better than the other systems.
Investigation of environmental effects
For investigation of environmental effects, the first set of transmitters are used.

- Operating frequency : 
- Considered environmental effects : power supply voltage variation, ambient temperature change, additive channel noise
4.1.  The effect of variations in power supply voltage


Transient signals from transmitter Set 1 were recorded at voltage levels from  to .
[image: ][image: ]
[image: ]
In Fig. 7 & 8 (Tx8 & Tx10 cases), 
- 84 transients are displayed for each voltage. 
- Transients obtained from different voltage levels are clustered at different regions of the feature space. 
- As the voltage level decreases, the fingerprints move on the map, causing a spread of the fingerprints. 

A new Sammon map of Tx8 and Tx10 is displayed in Fig. 9 
- We could notify the class separation between these transmitters even under spreading resulting from supply voltage changes.

[image: ]
Additional experiments were performed with 10 transmitters to determine classification performance of the CE system for different power supply levels.

- Experiment 1 : all training and testing samples are collected under supply voltage of .

- Experiment 2 : same training samples in exp. 1. And testing samples are collected under supply voltage of 


- Experiment 3 : all training and testing samples are collected under supply voltage of  and .
- All training and testing samples for each voltage are 24 and 100 respectively





In Exp. 1. The accuracy is . And in Exp. 2. The accuracy drops to . But in Exp.3. the accuracy rises again to  because of including the  training samples. From this result, we could know that training the classification algorithms with the data from varying battery voltage levels could help to increase the classification accuracy.

4.2. The effect of ambient temperature change
In this paper, a temperature-controlled chamber is used.


- In this chamber, the temperature rose from  to  for 40 minutes.
- In order to obtain the same temperature level, they define the time period




		=> (0 min to 2 min), (10 min to 12 min), (20 min to 22 min), (30 min to 32 min)
- 100 transient samples are collected during this time period (i.e. 2 min)
- 20 transient samples are abstracted by using a SOM network.

[image: ][image: ][image: ]
In Fig. 10 & 11 (Tx1 & Tx2 cases), 
		- In contrast with the voltage data, the fingerprints collected from different temperature ranges show a relatively large amount of spread and overlap in the feature space. 

A new Sammon map of Tx1 and Tx2 is displayed in Fig. 12 
		-  We could know that the class separation between these transmitters is exist.

[image: ]
Additional experiments were performed with 10 transmitters to determine classification performance of the CE system for different temperature ranges
- 20 training samples and 80 testing samples are collected from each time slots.




From exp. 1. To exp. 4, the accuracy is changed as  to . But in exp. 5. The accuracy rises again to  because of including the training samples from other time slots. From this result, we could know that training the classification algorithms with the data from varying temperature levels could help to increase the classification accuracy.

4.3.  The effect of additive noise
Experimental setup : 
- In this paper, to make the additive noise, an additive white Gaussian noise generator is used.
- This noise samples are added to the transient signals after scaling for the desired SNR values. 
- The classification test for each transient was performed 10times with a different noise-sample sequence. 
- 240 training samples and 260 transient samples are collected.

- The SNR for this experiment is calculated as : 


		=>  : power of the noise signal,  : power of the noisy transient signal.
[image: ]
From this result, we could know that if the SNR is higher than 17dB, the reliability of classification decision is higher than 90%.
Conclusions
Based on the experimental results, it was observed that the effects of variation in ambient temperature, power supply and additive channel noise could affect the performance of transmitter identification system. 
This fact necessitates a requirement for training of the identification system over a wide temperature range and over the range of supply-voltage levels. 
As a result, an data reduction technique (e.g., self-organizing map) is required to alleviate the PNN training and computational complexity in the classification step, due to large training data sets. 
The SNR versus classification-rate curve was presented to show the reliability of the system under noisy channels. This curve provides a confidence measure for the classification result of a given SNR value, which can be calculated from transient and transient data. 
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to 12 minutes, etc.). Because the temperature was rising throughout Results of ambient-temperature-change experiments
the transmission, these temperature intervals were named 7 —1%, such
that 77 < 15 < T3 < Ty, as the exact temperature values in degrees Training set Test set Probability of
Celsius were not measured for each interval. These transients were correct classification ()
abstracted to 20 transients using an SOM network, as there is a high T iR} 93.5%
correlation between the transients of the same temperature ranges. T T 73.8%
. . . . . T T: 67.1%
These fingerprints were then projected onto a two-dimensional vi- ! ? Y
. - Ty Ty 63.1%
sual map for transmitter Tx1, as can be seen from Fig. 10.
T, 15,15, 1} 10,1, 15, T 98.6%

As with the voltage data, fingerprints obtained at different tempera-
ture ranges show a relatively large amount of spread and overlap in the
feature space. This behaviour was also observed for other transmitters

tested. A second example is shown for transmitter Tx2 in Fig. 11. identification performance. As with the voltage data, it was not pos-

sible to find a predictable relation between the ambient temperature
level and the feature-space variation. However, reliable identification
performance under temperature change can be achieved if the system
1 trained over a wide aneratino-temneratiire ranoe

A new Sammon map of the fingerprints of Tx1 and Tx2 is displayed
in Fig. 12 to show the class separation between these transmitters.
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running average is searched. It is observed that this detection scheme
performs well when applied with a hysteresis [11]. In this approach,
the signal amplitude should stay larger than the running average for at
least N samples in order for a trigger event to occur. The value of NV
is determined experimentally by trial and error.

C. Feature extraction

Turn-on transient signals show characteristic variations in both am-
plitude and phase profiles. Examples of radio turn-on transient signal
amplitude and phase profiles are given for numerous transmitters in
[10]. An example is shown here in Fig. 3.

The quadrature components of the received transient signal can be
mapped onto the complex plane as a rotating vector. The position of
this vector in the two-dimensional complex plane is determined by the
amplitude and phase of the signal. For a signal of unit amplitude and
fixed frequency, this vector rotates on the unit circle at a constant ve-
locity. For a radio turn-on transient signal whose time-varying ampli-
tude and phase profiles are shown in Fig. 3, the vector follows a path
in the 2-D complex plane resulting in a trajectory as shown in Fig. 4.
This trajectory is created by the unique amplitude and phase variations
of the transient signal; hence it is used to characterize the signal.

The change in the signal vector in A¢ time intervals is

Figure 4: Amplitude-phase trajectory of a transient signal. ASar =S8, +Aat — St 3 3)

where AS is the displacement vector between signal points in Fig. 4.

Both the amplitude and phase of the time-varying transient sngna] con-
10 e —— bt Tlrrtns fm e A el o caant vrmmtee T 1o e e DY A
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where AS is the displacement vector between signal points in Fig. 4.
Both the amplitude and phase of the time-varying transient signal con-
tribute to the displacement vector. In this study, variances of displace-
9 ment vectors, calculated at different At time intervals, are used for
feature extraction. Calculated variance values are plotted versus At
on a log-log scale, and the slope of this resulting curve is used as a
feature. The features correspond to a variance fractal dimension, and
in this specific application, they are related to the spread of the time
8 variation of the signal amplitude and phase at different time scales.

Transient signals and other nonstationary signals can be considered
N as outputs of chaotic dynamic systems [2], which can be modelled
by their dimension measures [12]. However, transient signals are not
‘ pure fractals because their properties change with time. In this study,

Featurs Valug
o

o

local fractal dimensions are calculated by a sliding-window technique,

/1/ ’/ J whereby the variance fractal dimension is estimated for successive por-
tions (windows) of the signal. The dimension values obtained in this
0 &

W

way are then combined in a vector which composes the feature vector.
o 30 00 Tz a0 160 The transients are reduced to approximately 50 to 200 feature values

Feature Indsx from 2000 to 3000 complex samples. The exact sizes of the window
and feature vector are experimentally determined by trial and error to
give the best classification performance.

20 a

Figure 5: Feature vector of a typical turn-on transient signal.

Fig. 5 shows the variance multifractal model of a typical complex
signal calculated using a window and feature-vector size of 128 and
lar radio transmission. An accurate determination of the on-set of the 170 respectively.
transmitter is important since it affects the performance of the identifi-
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tion unit. Instead of the sigmoid activation function
commonly used for back-propagation (Rumelhart et
al., 1986), the nonlinear operation used here is
exp[(Z; — 1)/0?%. Assuming that both X and W; are
normalized to unit length, this is equivalent to using

expl— (W, — X)(W, — X}/2¢?]

which is the same form as eqn (12). Thus, the dot
product, which is accomplished naturaily in the in-
terconnections| is followed by the neuron activation
function (the exponentiation).

The summation units simply sum-the inputs from
the pattern units that correspond to the category
from which the training pattern was selected.

The output, or decision, units are two-input neu-
rons as shown in Figure 4. These units produce binary
outputs. They have only a single variable weight. C,.

halp,
C, = -tk 13
' h,\kla, My, 3

where

n,, = number of training patterns from category A,

e= | N3 | =4
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Figure 6: Structure of the CE system. Set 1 Set2 Set 3 Average
DO 92.2% 88.8% 80.1% 87.0%
IF 96.1% 89.8% 79.7% 88.5%
the transient samples form the training set of the probabilistic neural ¢l ol ZEHS S el

network, which is used as a classification subsystem [14]. Each output
(summation) neuron of the PNN is dedicated to a single transmitter.
It simply sums the activation values of all pattern- layer neurons corre-
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the transient samples form the training set of the probabilistic neural
network, which is used as a classification subsystem [14]. Each output
(summation) neuron of the PNN is dedicated to a single transmitter.





image45.png
T An experimental performar

nce evaluation of 2 novel radio transmitter identification ur

20 BEE 2V W =22H

R ERERE =R Y ey

-

D[]

VIS

108% |+

=3 Mg

206 CAN. J. ELECT. COMPUT. ENG., VOL. 29, NO. 3, JULY 2004
i
Transmitter sets used in the experiments
A4
| Variance Fractal Modelling I Quantity Make and model
Set 1 10 Motorola MT500
v
Normalization Set 2 3 Motorola MCX100
2 Yaesu FTH-2005
v 10 Yaesu FTL-2001
Set 3 28 Motorola SHA-274
1 Table 2
Classification Results of performance (P.) comparison|
Figure 6: Structure of the CE system. Set | Set 2 Set 3 Average
DO 92.2% 88.8% 80.1% 87.0%
IF 96.1% 89.8% 79.7% 88.5%
@z 99.9% 93.8% 88.5% 94.1%

the transient samples form the training set of the probabilistic neural
network, which is used as a classification subsystem [14]. Each output
(summation) neuron of the PNN is dedicated to a single transmitter.
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Figure 9: Visual map of the fingerprints collected from Tx8 and Tx10 transmitters operat-
_— ' ing at supply-voltage levels of 9 to 15 V.
Figure 7: Visual map of the fingerprints collected from Tx8 transmitter at supply-voltage
levels of 9 t0 15 V.
Table 3
20 Results of supply-voltage-change experiments
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Figure 7: Visual map of the fingerprints collected from Tx8 transmitter at supply-voltage
levels of 9 t0 15 V.
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Figure 8: Visual map of the fingerprints collected from Tx10 transmitter at supply-voltage
levels of 9 t0 15 V.

tween these transmitters even under spreading resulting from supply-

L T
Figure 9: Visual map of the fingerprints collected from Tx8 and Tx10 transmitters operat-
ing at supply-voltage levels of 9 to 15 V.

Table 3
Results of supply-voltage-change experiments
Training set  Test set Probability of
correct classification (I°.)
15V 15V 99.9%
15V 10V 73.7%
10V,15V 10V, 15V 99.0%

18°C and supply voltage of 15 V. In Experiment 2, the training set was
the same as the training set used in Experiment 1, but test transients
were collected at a power supply voltage of 10 V. In the experiments,
24 transient samples were used for training, and 100 transient samples
for testing, per transmitter. In Experiment 3, 24 transients from each
voltage level were included in the training set, yielding a total of 48
transients per transmitter. One hundred transients from each voltage
level were used in the test set. The classification results are given in
Table 3.

When the training and test data are from the same supply-voltage
level, the probability of correct classification is 99.9%. If the network
is trained with 15V data and tested with the data collected at 10V,
then classification performance drops to 73.7%. By including training
data collected at test-voltage levels of both 10 and 15V, the perfor-
mance rises again to 99%. This result shows that in order to achieve
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