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Abstract 

 

The spectrum decision stage in cognitive radio (CR) wireless networks is in 

charge of selecting and assigning channels to secondary users (SUs); an optimum 

selection depends on: primary user (PU) characterization, the way in which SU 

requests are processed at the base station (BS), and the way in which available 

spectrum resources are managed before they are assigned. This paper proposes the 

use and evaluation of the artificial-intelligence-based Support Vector Machine 

(SVM) and Adaptative Neuro-Fuzzy Inference System (ANFIS) methodologies in 

order to appropriately classify potential resources (free spectrum in licensed 

frequency bands) available on the network so that they are assigned to SUs in an 

opportunistic fashion according to quality of service (QoS) requirements, In the 

characterization sub-stage, the methodology includes the use of a database with 

real information on PU behavior in multiple spectrum bands; the generation via  
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simulation of potential SUs with Best Effort (BE) or Real Time (RT) service 

quality criteria for the opportunistic assignment of free spectrum; and the 

development and simulation of the entire system on MATLAB. One of the 

relevant contributions is the determination of whether the use of methods based on 

supervised learning is a good option for improving resource assignment 

performance in CR. The main conclusion is that implementing a proactive 

strategy in the spectrum decision and channel classification stage optimizes the 

performance of a cognitive network because the time needed to assign spectrum 

resources to SUs is reduced, thus reducing the amount of collisions, which implies 

a more efficient data transmission. 

 

Keywords: ANFIS, cognitive radio, proactive strategy, reactive strategy, base 

station, spectrum decision, SVM 

 
1 Introduction 
 

The spectrum decision stage in CR is critical because it's in charge of selecting the 

best channels available for SU data transmission according to QoS requirements, 

seeking to minimize potential collisions between PUs and SUs; success depends 

on various factors, including, on the one hand, having an algorithm that is able to 

predict with a high level of accuracy future instants in time in which a PU isn't 

using the licensed spectrum so that it may exploited in an opportunistic fashion by 

non-licensed users (for data transport from a source to a destination) and, on the 

other hand, appropriately choosing the way in which SU-channel pairs are 

selected and assigned. In turn, such assignment involves defining the way in 

which requests made by SUs to the BS are handled, and establishing the manner 

in which available CR channels are classified. The method for processing requests 

from cognitive nodes can be implemented with a reactive strategy (in which 

requests are handled when they reach the BS), or a proactive strategy (in which 

the characteristics of the required channels are known before the arrival of 

re-quests at the BS by calculating the probability of, or predicting, the arrival of 

an SU). Organizing free or under-utilized channels involves classifying them 

according to variables such as the available bandwidth, the transmission delay, the 

estimated channel availability time, the probability of channel availability, and 

other metrics. The above discussion gives rise to the following question: can the 

spectrum band selection and assignment process be optimized so as to reduce the 

amount of collisions between PUs and SUs? In comparison with other 

state-of-the-art proposals, the differentiating elements of this paper’s approach are: 

the development of a spectrum selection and assignment model based on PU 

characterization using neural networks; the use of a proactive strategy; and the 

classification of free frequencies with ANFIS and SVM, seeking to reduce the 

time needed to efficiently assign available resources. It’s important to point out 

that the main goal of this paper is to socialize the results of using ANFIS and 

SVM as spectrum classifiers in the GSM band, and the impact of such use on 
system organization, without neglecting the other aspects that influence the improve- 
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ment of the spectrum decision stage in CR. The rest of this paper is organized as 

follows: a section with a review of the state of the art; a description of the block 

diagram for the proposed model; a description of the characterization (or 

forecasting) algorithm of spectrum use; a description of the way in which the 

proactive strategy for SU request arrival was modeled; the design of the SVM and 

ANFIS classifiers; and an explanation of the channel assignment algorithm. Lastly, 

the results obtained are analyzed, a discussion section is included, and the 

conclusions are laid out. 

 
2 Scientific Review 
 

Spectrum decision with a centralized topology refers to the ability of a BS to 

select and assign the best spectrum band available on a CRN (Cognitive Radio 

Network) avoiding interferences with the PU; to begin with, this implies the 

characterization of the PU because there is no guarantee of channel availability for 

full transmission by a SU [1]. Multiple proposals exist for modeling and 

forecasting PUs, such as those described in [2], [3], [4], [5], [6], [7], [8], [9], [10], 

[11], [12], [13], [14]; a general summary of the main methodologies used is 

shown in (Fig. 1).  
 
 
 

 

 

 

 

 

 

 

 

 

Figure 1. Classification of models for the characterization of PUs. Modified from 

[14]. 
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Intelligent algorithms such as LSTM (Long Short-Term Memory), ANFIS 

(Adaptative Neuro-Fuzzy Inference System), Reinforcement Learning, and 

Decision Tree are viable options for use in CR on account of their ability to learn. 

Another criterion in band selection is the manner in which a BS processes requests 

by SUs (Fig. 2). In the reactive strategy, the negotiation of characteristics that 

governs the sending of data is processed after the arrival of a request; this is a 

conventional method used in the state of the art.  

In the proactive strategy, channel selection and assignment is decided before the 

arrival of a SU by reserving the resource; the disadvantage is there is a dependency 

on the accuracy of the model used to estimate the arrival of a SU for a specific 

application (BE or RT); if the arrival probability calculation or the prediction is 

poor, the amount of hits will be very low, and the efficiency that is obtained will be 

insufficient. 

 

 
 

 
 

 

 

 
 

 

 

Figure 2. Execution strategies for SU requests. 

 

 

With regards to the selection of the best spectrum (SU-channel pairs), there has 

been research using the reactive strategy, as shown in [5], [11], [17], [18], [19], 

[20}, [21], [22], [23], [24], [25], [26], [27], [28], [29], [30], [31], but it's not 

known if the proactive scenario has been applied to the spectrum decision stage 

[15], which would probably optimize performance. (Fig. 3) shows the main 

spectrum access algorithms that are used. They are distributed according to their 

operating criteria (based on learning, multi-criteria decision-making, and various 

methodologies). 

 

3 Proposed Model for Channel Selection in CR  
 

The general diagram (Fig. 4) of the model implementing a proactive strategy at 

the BS starts on the upper portion with the processing of the database that contains 

information about the real behavior of PUs in the frequency bands, expressed as 

power levels (dB).  The data are averaged and discretized for each channel, 

considering that a logical 1 represents the presence of a PU, and a logical 0 

represents the absence of a PU or free spectrum. 

 

Processing of request at 

the BS 
 

Reactive 

strategy 
 

Proactive 

strategy 
 



SVM and ANFIS as channel selection models                          479 

 

 

 

 

 

 

 

 

 

 

 

 

 

    

 

 

 

 

 

Figure 3. Classification of methodologies for spectrum selection. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 4. General diagram of the channel selection model for CR. 
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Subsequently, the PU's use of the spectrum is characterized (modeled and 

predicted). For each channel of the GSM band, the following variables are 

obtained: bandwidth (ab), probability of availability (pd), average availability 

time (tp) [32], and delay (r); these are variables that determine transmission 

capability, and make it possible to establish (through the design of a ranking 

algorithm based on ANFIS and SVM (Section 4)) what spectrum or spectra are 

best for assignment to SUs according to the required QoS. The other essential 

component of the system in Fig. 4 includes the description of the proactive 

strategy (Section 3.2), which estimates the probability of appearance of, or 

predicts, an SUi requesting channels that support BE or RT applications (based on 

the history in the SU database), and is able to select in advance the channel that 

will be assigned in the very near future.  

 

3.1 PU Characterization Algorithm 

 

The prediction algorithm was built using Long-Short Term Memory (LSTM) [33], 

[34], a type of recurrent neural network grounded on the Deep Learning concept 

[35], [36], based on the PU's history of spectrum use. The selection of this type of 

learning paradigm was made seeking to reduce the prediction error in the frequency 

bands. (Fig. 5) shows the algorithm's general flowchart, and (Fig. 6) shows the 

training algorithm, reaching accuracy above 83%, a value that exceeds the state of 

the art. 

 

 
 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. LSTM algorithm flowchart. 
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3.2 Algorithm to Predict the Arrival of SU Requests at the Base Station [37] 

  

The algorithm for calculating the probability of, or predicting, the arrival of the 

next SU at the central station of the CRN can be found in [37], and is based on the 

construction of a Multilayer Perceptron Neural Network (MLPNN) based on 

historical data on the use of the available spectrum. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Training algorithm for a LSTM recurrent network. 

 

 

The structure of the neural network is comprised of seven neurons (Fig. 7), three 

of which are in the input layer, which receives data; two in the hidden layer, 

where the learning process is generated; and two in the output layer. The input 

𝑥(𝑖) and output 𝑦(𝑖) variables are itemized in Equation 1. In particular, in the 

case of the input variables, the first column refers to the arrival of BE-type 

requests; the second column refers to RT-type requirements; the third column 

refers to the requested bandwidth (depending on the need, 1 to 7 channels may be 

assigned according to the availability and application type). 
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The outputs [from] 𝑦(𝑖) provide the probability of arrival of the next SU with 

BE or RT criteria to be processed by the BS. It’s worth noting that the matrix that 

describes the output for the bandwidth variable isn’t shown, but is described in 

[37]. 

 

 
 

Figure 7. Neural network structure for the calculation of the probability of BE and 

RT requests only. 

 

The MLPNN that was designed is multilayer and unidirectional, indicating that 

each constituent layer receives the information from the preceding layer and 

transmits it to the next layer. The training or learning of the network that was 

constructed consists of obtaining a vector 𝜃  that meets the conditions of the 

preceding layer until reaching the exit [38]. The mathematical foundation for the 

prediction model [37] is the feed-forward concept described by Equation 2 

 

 

𝐴(𝑖) = 𝑔(𝜃(𝑖−1)𝑇𝐴(𝑖−1))                                                  (2)                              

Where 𝑇 corresponds to the transposed matrix; 𝐴(𝑖)identifies the output of the 

neuron at the layer that needs to be calculated; 𝐴(𝑖−1) represents the output of the 

preceding layer; 𝑖 = 1, 2, … . , n; 𝐴(𝑖) = 𝑋; 𝑔 identifies the sigmoid function. 

 

Considering that the weights matrix is identified as 𝜃(1), the transition from the 

input layer to the intermediate layer can be described by Equations 3 and 4. 
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𝜃(1) = [

𝜃11
(1)

𝜃12
(1)

𝜃21
(1)

𝜃22
(1)

𝜃31
(1)

𝜃32
(1)

]                                                          (3)                                  

 

𝐴(1) = 𝑋 = [

𝑥1

𝑥2

𝑥3

]                                                            (4)                                     

 
 

Replacing the value of 𝜃(1) and 𝐴(1) in Equation 2 yields the transition from the 

output of the input layer and the input of the intermediate layer [37] of Fig. 7 (see 

Equation 5). 

 

𝐴(2) = [
𝑔(𝑥1𝜃11

(1)
+ 𝑥2𝜃21

(1)
+ 𝑥3𝜃31

(1)
)

𝑔(𝑥1𝜃12
(1)

+ 𝑥2𝜃22
(1)

+ 𝑥3𝜃32
(1)

)
]                                    (5)                       

 

Simplifying the above matrix yields (Equation 6): 

 

𝐴(2) = [
𝑎1

(2)

𝑎2
(2)

]                                                      (6)                                        

 

Just like in the above case, using the weights matrix 𝜃(2), as a reference, the 

matrices describing the transition from the hidden layer to the output layer are 

determined as described in Equations 7 and 8. 

 

𝜃(2) = [
𝜃11

(2)
𝜃12

(2)

𝜃21
(2)

𝜃22
(2)

]                                                 (8)                                     

 

 

𝐴(3) = [
𝑔(𝑎𝜃11

(2)
+ 𝑎2𝜃21

(2)
)

𝑔(𝑎1𝜃12
(2)

+ 𝑎2𝜃22
(2)

)
]                                           (9)                             

 

Where the vector 𝐴(3) corresponds to the neural network's output; in this case, a 

dimensional matrix 𝑅2. 

Part of the pseudo code developed for MLPNN learning is shown in Fig. 8, where 

the existence of weights matrices Theta_1 and Theta_2 is initially assumed, and 

training examples are then taken until finding appropriate values for said variables 

so that the error is reduced to the minimum possible.  The results after executing 

the algorithm show accuracy in the arrival of the next SU (with QoS criteria) 

above 80% [37]. 
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Algoritmo MLPNN 

𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_1 = 𝑧𝑒𝑟𝑜𝑠 (𝑠𝑖𝑧𝑒 (𝑇ℎ𝑒𝑡𝑎1));  

𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_2 = 𝑧𝑒𝑟𝑜𝑠 (𝑠𝑖𝑧𝑒 (𝑇ℎ𝑒𝑡𝑎2));  

for 𝑡 = 1: 𝑚 do 

𝑎_1 = 𝑋(𝑡,: ); 

𝑧_2 = 𝑎_1 ∗  𝑇ℎ𝑒𝑡𝑎1’; 
𝑎_2 = [1 𝑠𝑖𝑔𝑚𝑜𝑖𝑑𝑒 (𝑧_2)]; 
𝑧_3 = 𝑎_2 ∗  𝑇ℎ𝑒𝑡𝑎2’; 
𝑎_3 =  𝑠𝑖𝑔𝑚𝑜𝑖𝑑𝑒 (𝑧_3); 

𝑦_𝑖 = 𝑧𝑒𝑟𝑜𝑠 (1, 𝐾); 

𝑦_𝑖(𝑦(𝑡)) = 1; 
𝑑𝑒𝑙𝑡𝑎_3 = 𝑎_3 − 𝑦_𝑖; 
𝑑𝑒𝑙𝑡𝑎_2 = 𝑑𝑒𝑙𝑡𝑎_3 ∗  𝑇ℎ𝑒𝑡𝑎2 .∗  𝑠𝑖𝑔𝑚𝑜𝑖𝑑𝑒𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡 ([1 𝑧_2)]; 
𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_1 = 𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_1 +
                                     𝑑𝑒𝑙𝑡𝑎_2 (2: 𝑒𝑛𝑑)′ ∗ 𝑎_1; 

𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_2 = 𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_2 + 𝑑𝑒𝑙𝑡𝑎_3′ ∗ 𝑎_2; 

end; 

𝑇ℎ𝑒𝑡𝑎1_𝑔𝑟𝑎𝑛𝑑 =  𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_1 / 𝑚 

𝑇ℎ𝑒𝑡𝑎2_𝑔𝑟𝑎𝑛𝑑 =  𝑑𝑒𝑙𝑡𝑎_𝑎𝑐𝑐𝑢𝑚_2 / 𝑚 
 

Figure 8. MLPNN pseudo code. 

 

 
4 Design of SVM and ANFIS Classifiers   
 

The classifier responsible for generating the ranking of channels in each time slot 

of the simulation of the entire global system (Fig. 4) classifies the bands in 

descending order, from the one with the best characteristics to the one with the 

least optimal characteristics. Two classification algorithms that use the ANFIS 

and SVM methodologies, and are catalogued as supervised learning paradigms, 

were implemented with the purpose of determining which of the two has a better 

performance in a real-life implementation for a cognitive radio wireless network 

with a centralized topology under the design conditions laid out in this paper. 

 

4.1 ANFIS Classifier 

 

To obtain a ranking with ANFIS, a model was implemented in MATLAB [39] 

with Takagi-Sugeno type inference [40]. Fig. 9 describes the neuro-diffuse 

network scheme. The channel characteristics are found in the input layer; the 

membership functions are defined in the next layer (high and low for each input 

(see Fig. 10)); the third and fourth layers calculate the rules and establish the 

Takagi-Sugeno type inference; the fifth layer performs the summation of the 

outputs in order to obtain the scores for each channel and determine the ranking. 

 

 



SVM and ANFIS as channel selection models                          485 

 

 

 
 

Figure 9. ANFIS network architecture. 

 

The metrics X1, X2, X3, X4 in (Fig. 9) are 𝑡𝑝, 𝑝𝑑, 𝑟 and 𝑎𝑏, and are defined 

previously; for each parameter, two Gaussian membership functions (high in red 

color and low in blue color) are defined, and are described as shown in (Fig. 10). 

 

 
 

Figure 10. Membership functions that were defined. 

 

As was described in the previous graph, the membership functions are defined in 

the same way for each input; the function that represents the low level (in color 

blue) has a maximum of 0, and the function that represents the high level (color 

red) has a maximum of 1, so that when the channel data are entered and then 

evaluated in the membership functions, coherent results are obtained. The 

decision was made to work with only two linguistic labels in order to limit the 

amount of computing resources required by the system, and thus reduce the 

algorithm's compilation time. The flowchart of the neuro-diffuse model that was 

used is described and explained in (Fig. 11). 
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Figure 11. Flowchart for the ranking algorithm with ANFIS. 
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(Equation 9), which yields a score for each free channel and therefore the respective 

final ranking. The description of the algorithm's block diagram can be found in 

(Fig. 12). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 12. Flowchart for the ranking algorithm with SVM. 
 

 
−79.46 ∗ 𝑡𝑝 − 58.26 ∗ 𝑝𝑑 + 142.84 ∗ 𝑟 + 0 ∗ 𝑎𝑏 + 30.7329 = 0        (9)             

 
The operation of the SVM that was implemented (Fig. 12) has two main processes: 

the training of the network (which implicitly contains the linear separator or 

hyperplane), and the decision stage. The training process consists of finding a 

decision function capable of separating the spectrum bands (as was mentioned 

previously) making use of the optimization function of Equation 10 [42], [43].  In 

the decision stage, given a new vector 𝑥, the class in which each spectrum channel 

belongs is determined (this allows the ranking to be classified in descending order). 
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Whereas (𝑊𝑇 𝜙 ( 𝑥𝑖 ) +𝑏 ) ≥ 1 −  𝜉𝑖 ,  𝜉𝑖 ≥ 0 ; and where, according to [44], 

(𝑥1,𝑦1), (𝑥2,   𝑦2) … (𝑥𝑛,𝑦𝑛)  corresponds to the training set; 𝑥𝑖  is the vectorial 

representation of the training examples; 𝑦𝑖 , the label that represents the 
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separation hyperplane; 𝑊 is the weights vector; B is the bias; 𝜙 is the kernel 
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The decision hyperplane obtained with the SVM during network training contains 

three of the four characteristics defined by each spectrum, and is shown in (Fig. 13). 

 

 

 
 
 

Fig. 13. Decision hyperplane obtained for the variables 𝑡𝑝, 𝑝𝑑, 𝑟. 
 
 

A detailed analysis makes it possible to infer that the spectrum of frequencies with 

the greatest 𝑡𝑝 , 𝑝𝑑  and a low 𝑟  are labeled as channels for supporting the 

transmissions of RT applications (blue-colored points under the linear separator), 

while the rest of the points (red-colored points located above the plane) are labeled 

as channels for the transport of BE applications.  

It's necessary to take into account that SUs admitted by the BS in the assignment 

process deliver the best quality channels to the RT SUs first, and the worst quality 

channels to the BE SUs; if the range of frequencies in a category is exhausted, an 

SU may use the spectrum of the other category, subject to, in the worst case, a 

reduction in QoS.  

 

5 Channel Selection and Assignment 
 

The flowchart in Fig. 14 describes the operation of the spectrum assignment stage. 

The algorithm starts by obtaining and loading the results generated by the PU 

characterization and SU arrival probability models for a period of time 𝑇 

(defined in terms of the number of time slots); it also defines the variable 𝑡 = 1, 

which corresponds to the time slot in which the simulation is being performed, 

and the variable 𝑖 = 1 , which identifies the SUi that is undergoing the early 

spectrum assignment process. Subsequently, the grey-colored sub-block is 

executed, as described by the flowchart in (Fig. 15). 



No 

Yes 

Yes 

No 

No 

Yes 

BE RT 

SVM and ANFIS as channel selection models                          489 

 

 

 

 
 

 

 
 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 14. Flowchart for channel selection and assignment in the proactive system. 
 

  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 15. Assignment and reservation of channels according to QoS. 

 

After that, a determination is made whether the spectrum allows a successful 

transmission; if so, the SU-channel pairs (i.e., the resources) are reserved and 

stored. Lastly, a real transmission is made in the exact times according to the 

order of arrival of the estimated SUs.  
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6 Results 
 

The performance evaluation was performed by comparing the proactive strategy 

with ANFIS classification, the reactive strategy without classification (its 

operation has been described for the arrival of SUs) as shown in the grey 

sub-block of Fig. 4 and without the existence of ranking), and the proactive 

strategy with SVM when the arrival rate is exponential with a maximum growth 

of up to 100 requests per time slot (equivalent to 290 ms), in which case the 

cognitive network isn’t able to meet the transmission requirements of secondary 

users.  The number of channels the applications can request depends on the 

bandwidth they require – 1-3 for BE or 5-7 for RT. The following metrics were 

evaluated during the simulation: the probability of total success in the 

transmissions performed (Equation 11), RT success probability (Equation 12) and 

BE success probability (Equation 13), delay error (Equation 14), spectrum 

distribution assignment error (Equation 15), successful transmissions (Te), 

throughput (Th), and Jain Index (Ij) [45]. 

 

𝑃𝑒 =
#𝑇𝑥𝑒

#𝑇𝑥𝑇
                                                               (11) 

 

Where #𝑇𝑥𝑒 is the number of successful transmissions, and #𝑇𝑥𝑇  , the total 

number of transmissions 

 

𝑃𝑒(𝑅𝑇) =
#𝑇𝑥𝑒(𝑅𝑇)

#𝑇𝑥𝑇(𝑅𝑇)
                                                        (12) 

 

Where #𝑇𝑥𝑒(𝑅𝑇) is the number of successful RT transmissions, and #𝑇𝑥𝑇(𝑅𝑇)s the 

total number of RT transmissions 

 

𝑃𝑒(𝐵𝐸) =
#𝑇𝑥𝑒(𝐵𝐸)

#𝑇𝑥𝑇(𝐵𝐸)
                                                       (13) 

 

Where #𝑇𝑥𝑒(𝐵𝐸) is the number of successful BE transmissions, and #𝑇𝑥𝑇(𝐵𝐸) is 

the total number of BE transmissions 

 

𝐸𝑟 =
∑ (𝑟𝑜 − 𝑟𝑒)𝑇𝑥𝑒

𝑇𝑥𝑒
                                                     (14) 

Where 𝑇𝑥𝑒  is the number of successful transmissions, 𝑟𝑜 the delay obtained (the 

greatest delay among assigned channels), and 𝑟𝑒 , the expected delay (according to 

SU requirements). 

 

𝐸𝑎 =
∑ |𝑐ℎ𝑠 − 𝑐ℎ𝑎|𝑇𝑥𝑇

𝑡𝑠𝑇
                                                  (15) 
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Where 𝑇𝑥𝑇 is the total number of transmissions, #𝑐ℎ𝑠, the number of requested 

channels, #𝑐ℎ𝑎 , the number of assigned channels, 𝑡𝑠𝑇  , the total number of 

transmitted time slots. 

 

The results obtained for PU traffic located in the GSM band (Uplink) are shown 

between Fig. 16 and Fig. 23, where the green-colored line represents the reactive 

scenario without ranking (R-no rank), the red color represents the proactive 

scenario with ANFIS (P-Anfis), and the green color represents the proactive 

scenario with SVM (P-Svm). To begin with, there is evidence of a rapid descent 

in the performance of the metrics analyzed with the passage of time, due to the 

increase in the number of SUs, which leads to increasingly more SUs not having 

access to the system; this is a condition that allows an objective evaluation 

because the network is subject to critical or saturation conditions. Fig. 16 shows 

the relationship between the number of successful transmissions (for RT and BE) 

and the total number of transmission attempts (Equation 11). It is observed that at 

the beginning, the system with no ranking has a success probability close to zero 

because at the start of the simulation the system repeatedly assigns low quality 

channels (due to the elevated presence of PUs and/or low QoS criteria),and since 

there is a low number of SUs at the start, the system leaves the rest of the spectrum 

(including the best) unassigned, causing SUs to repeatedly fail in their transmission 

attempts; this is a trend that is maintained during the first 225 seconds. 

 

 

 
 
 

Figure 16. Probability of success in RT and BE transmissions. 
 
 

The proactive scenarios based on ANFIS and SVM exhibit a better performance; 

the results are broken down for RT traffic (Fig. 17) and BE traffic (Fig. 18), where 

it’s established that RT flows are assigned the best spectrum and attain success 

percentages of up to 100% for the first 100 seconds, at which time the system 

becomes congested because of spectrum saturation due to the presences of PUs. 
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Figure 17. Probability of success in RT transmissions. 

 

A detailed analysis of Fig. 18 reveals that from the 215th second on, the probability 

of success of the reactive model without ranking improves and even exceeds the 

others, because a greater number of SUs arrive at the BS, so that a wider variety of 

the spectrum starts to be assigned, and since the majority of the best channels are 

free, there is a notable increase in the number of successful transmissions in the 

system without ranking. 
 

 
 

Figure 18. Probability of success in BE transmissions. 
 

In Fig. 19, the delay error (normalized with respect to the number of successful 

transmissions and sensible to RT data flow), defined as the parameter that measures 

the excess additional time imposed by the network on SUs that manage to transmit, 

with respect to the delay expected by each SU (Equation 14), reveals that in the 

reactive scenario without ranking, the value is zero for up to 120 seconds because 

there are no successful RT transmissions (as established in Fig. 17), which is 

detrimental to applications of the same type; nevertheless, when RT transmissions 

begin to be accepted, the value of the delay error variable increases vertically for 

approximately 20 seconds, thus generating from that instant an irregular trend due 

to the characteristics of the available spectrum. The ANFIS- and SVM-based 

models have a growing trend over time, which is to be expected because the 

processing of traffic with QoS criteria prevails over BE. 
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Figure 19. Delay error. 
 

With regards to the assignment error (Equation 15), which is a variable that is 

normalized with respect to the total number of time slots necessary for 

transmission, and is defined as the absolute value of the difference between the 

number of channels requested by an SU and the number of channels actually 

assigned, a superior trend is observed with ANFIS during the simulation because 

performance is better when classifying or generating the ranking, closely followed 

by SVM, even though the value of the metric increases over time in both 

scenarios as a result of characterization error (Section 3.1) and an increase in the 

rate of arrival of SUs, which leads to failures in the calculation of the probability 

of cognitive users (Section 3.2). The performance of the model without ranking is 

the most atypical and volatile, and has the worst behavior; the value for the first 

time slots is zero because the system attempts to assign the spectrum without any 

kind of classification (which implies a greater presence of PUs and worse QoS). 

 

 
Fig. 20. Assignment error. 

 

With regards to successful transmissions (Fig. 21), it’s important to begin by 

pointing out that the action of the three models increases or, in the worst of cases, is 

constant, because the records delivered by the algorithms are cumulative; therefore, 

it’s observed that, during a significant portion of the simulation, the proactive 

methodologies are more efficient than the reactive ones; however, from the 200th 

second on, the value starts to increase at a higher rate until the amount of completed 

transmissions is greater than with ANFIS and SVM. This happens because the 

systems with designed rankings organize the channel-SU pairs such that the best  
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spectra are assigned to the most demanding users (RT) and eventually, if there is 

spectrum saturation (as observed in Fig. 16 to 18), the available bands, even if they 

are the “best”, cannot meet the required conditions, which causes transmissions to 

fail; on the other hand, the system without ranking will possibly assign said 

channels to less demanding SUs who can complete their transmission (BE users). 

This rationale is supported by Fig. 17, where it's evident the system without ranking 

exhibits a greater probability of success for BE from the 300th second. 

 

 

 
Figure 21. Successful transmissions. 

 

Fig. 22 shows a comparison of system throughput for the three scenarios; it’s 

evident that, on average, they are similar.  

 

 
Figure 22. Throughput. 

 

A detailed analysis suggests that in the first moments of the simulation the system 

without ranking exhibits a throughput close to null, because it repeatedly assigns 

channels that don’t meet SU requirements, and leaves the best spectra free; this 

course of action is maintained until they can be assigned (thanks to greater 

spectrum availability combined with a high number of SUs), thus abruptly 

increasing throughput. The opposite occurs with ANFIS and SVM, where what are 

classified as the best channels are assigned first, and the bands with less QoS, 

greater presence of PUs, and greater congestion are relegated for later. 

Another important performance metric that is rarely found in the state of the art is 

the fairness level, which is based on allowing all users to have the possibility of  
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using available resources, thus reducing the potential for monopolizing them. Fig. 

23 shows this criterion has more equity for ANFIS until the system can meet the 

QoS criteria.  

 

 
Figure 23. Jain Index. 

 

7 Discussion 
 

The preceding analysis evaluates and validates the performance of the proactive 

strategy vs. the reactive strategy based on the condition that the amount of available 

resources cannot meet the needs of all SUs; however, said analysis doesn’t allow 

establishing with certainty which of the algorithms (ANFIS or SVM) is a better 

option for use in a proactive strategy in CR. 

Based on Figs. 24 and 25, it can be conjectured that, although SVM is more 

efficient in terms of the number of collisions between PUs and SUs, it requires 

more robust hardware for real-life implementation, which could prove to be a 

significant disadvantage because a greater energy consumption would be required 

to keep the wireless network infrastructure operating; this is contrary to what 

happens with ANFIS, where global performance is more efficient for most 

variables, but is subject to a greater amount of collisions, which is also a critical 

condition for licensed users due to the interferences generated, although it’s less 

expensive in terms of energy consumption. 

 

 
Figure 24. Collisions between PUs and SUs. 
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Figure 25. Training time needed for the classification algorithms. 
 

On the other hand, using as a reference the problem formulation and the research 

question (Section 1), and supported by Fig. 26, it can be conclusively stated that the 

use of the proactive strategy reduces the time needed to process SU requests, but 

depends on an optimal characterization model, an accurate calculation of SU 

arrival, and an appropriate classification method.  

 

 
Figure 26. Processing time for SU requests after training the learning algorithms. 

 

8 Conclusions 
 

This paper poses the possibility of replacing the reactive strategy, which is 

commonly used for [handling] channel requests, processing and assignment in 

cognitive networks (in the spectrum decision stage), by a proactive strategy that 

anticipates the arrival of secondary users, so that channels to be assigned in the 

future are reserved early and in advance, using a spectrum classification system 

based on ANFIS and SVM learning methodologies for prioritizing the transmission  
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of Real Time applications (vulnerable to delays) over Best Effort applications. 

Based on the analysis of the results, the conclusion is that the use of a proactive 

strategy is more efficient than the use of a reactive strategy in terms of processing 

time at the BS, thus optimizing the spectrum selection stage. 

After evaluating the proposed spectrum decision system (which integrates the 

sub-stages of PU characterization, obtaining of the arrival probability of SUs 

requesting QoS criteria, and early establishment and assignment of 

SU-channel/channels pairs) under network saturation conditions, similar trends 

were found in most of the responses received when using SVM or ANFIS, in 

contrast to the collision amount (Fig.  24) and algorithm execution time variables 

during the training stage (Fig. 25); depending on which of the two is willing to 

sacrifice, SVM or ANFIS benefit spectrum assignment in cognitive radio wireless 

networks.  
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