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Abstract  

The performance of many wireless protocols is tied to a quick Link Quality Estimation (LQE). However, some wireless 

applications need the estimation to respond quickly only to the persistent changes and ignore the transient changes of the 

channel, i.e., be agile and stable, respectively. In this paper, we propose an adaptive fuzzy filter to balance the stability and 

agility of LQE by mitigating the transient variation of it. The heart of the fuzzy filter is an Exponentially Weighted Moving 

Average (EWMA) low-pass filter that its smoothing factor is changed dynamically with fuzzy rules. We apply the adaptive 

fuzzy filter and a non-adaptive one, i.e., an EWMA with a constant smoothing factor, to several types of channels from 

short-term to long-term transitive channels. The comparison of the filters outputs shows that the non-adaptive filter is stable 

for large values of the smoothing factor and is agile for small values of smoothing factor, while the proposed adaptive filter 

outperforms the other ones in terms of balancing the agility and stability measured by the settling time and coefficient of 

variation, respectively. Notably, the proposed adaptive fuzzy filter performs in real time and its complexity is low, because 

of using limited number of fuzzy rules and membership functions.  

 

Keywords: Link quality estimation; adaptive fuzzy filter; agility; stability; wireless channel. 

 

1- Introduction 

Telecommunication network is deployed in smart grid to 

exchange the measurement status and instructions of 

numerous widely distributed control devices of power 

grid. Among different telecommunication networks, 

Wireless Networks (WNs), because of the low cost and 

flexibility of installation and maintenance are more 

probable to be deployed for monitoring, collecting data 

and controlling smart grid assets [1],[2]. The success of 

WN applications depends on the reliable transmission of 

sensory data. Reliability is defined as the success rate of 

source to destination data transmission in the network 

within its required latency. Accordingly, research 

community has been paying significant attention to design 

and implementation of reliable data transmission protocols 

in WNs [3],[4],[5],[6],[7],[8]. The performance of a large 

number of these protocols is highly dependent on Link 

Quality Estimation (LQE) [3],[4],[6],[7],[8]. Poor LQE 

may lead to an unstable network with high packet loss 

and/or high delay.  

Performance of LQE is assessed in terms of accuracy, cost, 

agility and stability [9]. Accuracy is quantified by 

comparing the measured link quality and the estimated 

link quality using the Mean Square Error (MSE) metric. 

Consuming the energy by excessive re-transmissions, 

occurred by imperfect link estimation, over low quality 

links is inferred as cost. Agility is the ability to react 

quickly to persistent changes in link quality. Agility is 

measured by settling time, defined as the time needed by 

the estimator to reach the measured value within an error 

bound of e. Finally, stability is the ability to resist the 

short-term variations, a.k.a, fluctuations, in link quality. 

Stability is assessed quantitatively, by the Coefficient of 

Variation (CV) defined as the ratio of the standard 

deviation to the mean of variations. Balancing between 

agility and stability is of paramount importance in a 

deployed LQE in WNs. In general, whenever the overhead 

of signaling is high and the decision is made based on the 

channel status the balancing between stability and agility 

becomes critical. For example handover and scheduling in 

cellular network or routing in wireless local area network. 

Routing protocols do not have to reroute information when 

a link quality shows transient degradation, because 

rerouting is a very energy and time-consuming operation. 

Too frequent protocol updates may cause unexpected 

network problems, such as, routing loops and routing 

shocks [10]. 
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LQEs are classified in two categories, hardware and 

software based LQEs [9], [11]. In the hardware based 

LQEs, the estimation is based on the measurement of a 

dedicated signal either on the transmitter or the receiver 

side and do not require any further computation; however, 

they are not as good as software based LQEs [9],[13]. The 

received signal strength (RSS), link quality indicator 

(LQI), and signal-to-noise ratio (SNR) are primary metrics 

used in hardware-based LQE [11]. In particular, none of 

these metrics by itself is sufficient to accurately 

characterize the quality of a link because [11],[13]: (i) the 

RSS is not sensitive to changes in link quality; (ii) the 

variance of LQI readings is significantly increased for 

transitional links, and (iii) the SNR rapidly and randomly 

fluctuates. Software based LQEs are divided into two 

categories: (1)Single metric based,(2)Hybrid metric based.  

Single metric based estimators count or approximate either 

(i) the reception rate or (ii) the average number of packet 

transmissions/retransmissions required before its 

successful reception. For instance, Packet Reception Rate 

(PRR) of a wireless link over an estimation window 

consisting of w instances of communication and Acquitted 

Reception Rate (ARR) count the reception rate at receiver 

side and sender side, respectively [9],[11]. Required 

Number of Packet transmissions (RNP) counts the average 

number of packet transmissions/retransmissions required 

before its successful reception within a window of w 

communication instances [9]. Furthermore, the expected 

transmission count (ETX) takes into account link 

asymmetry by estimating the uplink quality and downlink 

quality using both forward and backward PRR values, 

respectively [12].  

Hybrid metric based LQEs consider a number of link 

quality metrics. For instance, Four-bit LQE combines 

individual estimations of uplink and downlink qualities 

based on measured RNP and PRR, respectively [14]. 

Stable Link Quality Estimation (SLQE) combines active 

probing with passive snooping to make a stable estimation 

[10]. In this estimator, an active node sends control 

packets periodically and uses long period active detection 

mechanisms to detect quality of the link, while a passive 

node listens RSS Indicator mean and perceives links in 

sudden changes effectively. Fuzzy Link Quality Estimator 

(F-LQE) deploys four link quality properties, namely, 

packet delivery, link quality difference of forward and 

backward direction (asymmetry), stability, and SNR of a 

transceiver [15]. Each of the link properties is considered 

as a different fuzzy variable. Opt-FLQE (Optimized 

FLQE) [16] is a modification of F-LQE that aims to 

improve its reactivity and to reduce its computational 

complexity. A method that uses fuzzy logic to combine 

LQI, SNR and PRR metrics is proposed in [17] to improve 

the accuracy rate for evaluating a link quality. Fuzzy logic 

based link quality indicator (FLI) uses the PRR, the 

coefficient of variance of PRR, and a metric to assess the 

burstiness of packet loss, to estimate link quality [18]. 

Remarkably, all the research works on fuzzy link quality 

estimator have limited the application of the fuzzy system 

to combine some ELQ metrics. Kalman filter based LQE 

approximates the packet reception ratio based on RSSI and 

a pre-calibrated PRR/SNR curve [19].  

In the cases of the PRR, RNP, and ETX, there is a tradeoff 

between estimation accuracy and latency. For example, the 

estimation latency can be improved by shortening the 

window size w, but at the cost of increased fluctuation in 

the estimation results and degraded estimation accuracy 

[11],[17]. To address this problem, some LQEs apply 

Exponentially Weighted Moving Average (EWMA) filter 

on the estimated link quality (ELQ) which smooth the 

variations of it to turn them robust against the fluctuations 

[9],[11],[15]. In these LQEs, the EWMA, a non adaptive 

Infinite Impulse Response (IIR) filter, is tuned by a 

constant smoothing factor α, where 0 ≤ α ≤ 1. A stricter 

smoothing filter, to remove the transient variations, is 

needed when fluctuation amplitude is high. On the other 

hand, the strict smoothing filter prevents following link 

quality status when it has a relatively high persistent 

change in link quality [9],[10],[15],[17]. Therefore, the 

smoothing factor of filter should be tuned carefully 

proportional to the amount of fluctuation and the persistent 

changes in link quality.  

In this paper, inspired by our previous research work on 

video stabilization [20], we propose an adaptive fuzzy 

system to tune the EWMA filter, named adaptive fuzzy 

filter. The fuzzy system has two inputs and one output, so 

it requires low computation resources and responds in real-

time. As the inputs, the fuzzy system uses quantitative 

representations of the transient variations and the 

persistent changes in estimated link quality. The fuzzy 

inputs are defined according to the few numbers of the last 

estimated link qualities. The output of fuzzy system 

calculates the best value of smoothing factor to tune the 

EWMA filter adaptively. The performance of the proposed 

adaptive fuzzy filter in terms of stability and agility is 

compared with the results provided by an EWMA filter 

with a three different constant smoothing factors. 

Numerical results show that our proposed adaptive fuzzy 

filter provide balanced stable and agile estimation results, 

while the ones of a constant smoothing factor filter are 

either stable or agile, depending on the value of the filter 

smoothing factor. 

The remainder of this paper is organized as follows. The 

basic concept and details of the proposed filter are 

described in Section 2. The numerical results are presented 

in Section 3, and the paper is concluded in Section 4. 

2- Proposed Filter 

The adaptive fuzzy filter consists of a fuzzy system and an 

EWMA filter whose smoothing factor is tuned by the 
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fuzzy system. In this section, first we briefly explain fuzzy 

system, and then we describe the proposed filter. 

2-1- Fuzzy System 

Fuzzy logic is an approach to computing based on 

"degrees of truth", rather than the usual "true or false"(1 or 

0) Boolean logic on which the modern computer is based. 

Fuzzy logic starts with the concept of a fuzzy set. A fuzzy 

set is a set without a crisp, clearly defined boundary. It can 

contain elements with only a partial degree of 

membership. The fuzzy logic system incorporates five 

steps as shown in Fig.1. It starts with fuzzification process, 

then the inference system comes, including: application of 

the operators, implication methods, and aggregation all 

outputs to one fuzzy output, finally defuzzify the fuzzy 

output to numerical values [21],[22]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 The architecture of fuzzy logic system [22] 

The fuzzy knowledge base includes rule base and the 

database. The rule base contains a number of IF-THEN 

rules, and the database defines the membership functions 

(MF) of the fuzzy sets. Fuzzifier converts the crisp input to 

a linguistic variable using the MF stored in the fuzzy 

knowledge base. Inference system converts the fuzzy input 

to the fuzzy output using IF-THEN fuzzy rules. 

Defuzzifier converts the fuzzy output of the inference 

system to crisp using membership functions analogous to 

the ones used by the Fuzzifier. The logic operators that 

combine the sets in the antecedent define the relationships 

between input sets. This process includes three steps based 

on the rules of the fuzzy logic to be followed [22]: 

i)applying the operators of the rules when there is more 

than one part for the antecedent of the rule. This step 

results in one number (between 0 and represents all parts 

of the antecedent based on the operator of the rule .ii) 

finding the consequence of the rules by combining the rule 

strength and the output membership function which is 

defined as implication and iii) combining the 

consequences to get an output distribution which is 

defined as aggregation. 

2-2- Adaptive Fuzzy Filter 

The ELQ of a wireless link fluctuate over time due to 

many factors, principally related to the physical 

environment and the nature of low-power radios. 

Assuming that ELQ variation corresponds to its high-

frequency components; we smoothen ELQ using a        

low-pass filter tuned by a fuzzy system to achieve Fuzzy 

Filtered Estimated Link Quality (FFELQ).The EWMA, 

first-order IIR filter, as the low-pass filter is applied to 

ELQ, at time interval n, and the FFELQ is resulted: 

FFELQ (n) =α (n)×FFELQ (n-1) + (1 –α (n))×ELQ (n)           (1) 

The parameter α, 0 ≤ α ≤ 1, is regarded as the smoothing 

factor of the filter and adjusted by the fuzzy system in each 

time interval. The fuzzy system has two inputs (Input1, 

Input2) and one output. The Input1 and Input2, calculated 

during link quality status estimation, represent the amount 

of fluctuations and persistent changes in link quality at 

time interval n, respectively. The output of fuzzy system 

defines the smoothing factor α of the EWMA filter. The 

block diagram of the proposed adaptive fuzzy filter is 

depicted in Fig. 2.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2 Block diagram of adaptive fuzzy filter 
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We define the fuzzy inputs as 

      ( )   
 

 
∑ |   ( )     (   )| 
                           (2) 

      ( )  |∑ (     (   )     (   )) 
       |       (3) 

where M+1 is the number of the last ELQs deployed in 

computation. Input1 is the average of absolute differences 

between consequent ELQs. Input2 is the absolute sum of 

difference between ELQ and FFELQ.  

To justify Input1 and Input2 definitions, consider the two 

scenarios shown in Fig.3. The last four samples are 

considered for inputs computing. In Fig. 3(a) and 3(b), the 

amount of amplitude changes in the ELQ (solid line) are 

within the range of (0.47~0.50) and (0.54~0.65), 

respectively. The total amount of link quality fluctuations 

in Fig. 3(b) is more than the ones of Fig. 3(a). In addition, 

the FFELQ (dash line) follows ELQ path direction in Fig. 

3(a), while the FFELQ in Fig. 3(b) is moving away from 

the ELQ path direction. Therefore, the Input2 is defined to 

reduce the deviation. The values of Input1 and Input2 are 

derived with (2) and (3) shown in Table1. The output of 

fuzzy system defines the smoothing factor of the EWMA 

filter, i.e., α.  

Fig. 3 (a) transient degradation with no persistent changes in link quality 

(b) fluctuation and the persistent changes in link quality 

Table1: Values of fuzzy inputs for the two scenarios in Fig.3 

 Input1 Input2 

Scenario1 (Fig. 3(a)) 0.02 0.02 

Scenario2 (Fig. 3(b)) 0.05 0.16 

 

In the proposed fuzzy system, trapezoidal and triangular 

MFs are used for the inputs and the outputs, respectively. 

Trial and error method is used for MF shape of the inputs 

and the output. Type of MF doesn't play a crucial role in 

shaping how the model performs. However, the number of 

MF has greater influence as it determines the 

computational time [23]. We select as few MFs as possible 

to maintain low system complexity while we obtain decent 

performance. The experimentally designed inputs and 

output MFs as well as the surface of the desired output, 

which is a graphical interface that allows you to examine 

the FIS output surface for two inputs, are shown in Fig.4.  

 
(a) 

 

 
 

(b) 
 

 
 

(c) 
 

 
 

(d) 

Fig. 4 (a) MFs of fuzzy Input1 (b) MFs of fuzzy Input2, (c) MFs of fuzzy 

output, (d) surface of desired outputs 

0.05 0.1 0.15 0.2 0.25 0.3 0.35

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

D
e

g
re

e
 o

f 
m

e
m

b
e

rs
h

ip

L ML M MH H

0.05 0.1 0.15 0.2 0.25 0.3 0.35

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

D
e

g
re

e
 o

f 
m

e
m

b
e

rs
h

ip

L ML M MH H

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

D
e

g
re

e
 o

f 
m

e
m

b
e

rs
h

ip

1 2 3 4 5 6 7 8 9

00.10.20.30.4

0

0.5

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Input1

Input2

O
u
tp

u
t

(d)

2 4 6

0.47

0.48

0.49

0.5

(a)

L
in

k
 Q

u
a
lit

y

 

 

2 4 6

0.5

0.55

0.6

0.65

(b)

L
in

k
 Q

u
a
lit

y

 

 

ELQ

FEELQ

ELQ

FFELQ

time interval

time interval



 

Tanakian & Mehrjoo, Balancing Agility and Stability of Wireless Link Quality Estimators 

 

 

188 

Table2: Central Values of fuzzy system output 

 Input 2 
In

p
u

t1
 

 L ML M MH H 

L 0.8 0.7 0.6 0.4 0.2 

ML 0.825 0.8 0.7 0.6 0.4 

M 0.875 0.825 0.8 0.7 0.6 

MH 0.9 0.875 0.825 0.8 0.7 

H 0.95 0.95 0.9 0.875 0.825 

* L=Low, ML=Medium Low, M=Medium, MH=Medium High, H=High. 

According to experimental results, the performance of the 

EWMA filter is more sensitive to larger values of α[20]. 

Therefore, more MFs of the fuzzy output are concentrated 

in this operating area. The constructed rule base is 

containing 25 rules as presented in Table 2. The proposed 

fuzzy system is implemented while the min function is 

used for the fuzzy implication and the max function is 

used for the fuzzy aggregation. Furthermore, the centroid 

defuzzification method is applied. After computing the 

smoothing factor α (n) by the fuzzy system, FFELQ is 

calculated by Equation (1). 

3- Numerical ResultS 

In this section, the performance of the proposed adaptive 

fuzzy filter in terms of stability and agility of the LQE is 

compared with the results provided by a non-adaptive 

EWMA filter with a three different constant smoothing 

factors α = 0.9 [16] , α = 0.5, and α = 0.2. The 

performance has been evaluated with several different 

recognized scenarios extracted from link quality status 

curves published in the literature [9], [10], [24], [25] and 

some synthetic link quality status trajectory: (a) link 

quality mutation frequently occurs in short times, (b) link 

quality remains unstable for a long time, (c) link quality is 

relatively stable, (d) link quality has persistent changes. To 

adjust the fuzzy system inputs, the initial value α = 0.1 is 

chosen for the first four time intervals. To keep the 

computation delay low, the filter window size M=3 is 

chosen. The simulation tools is MATLAB 8.2.0.701 

(R2013b, 32-bit) and the hardware configuration are: 

Intel(R) Core(TM) Duo CPU T9300 2.5GHz and 

3.00GBRAM. The average simulation time for our 

adaptive fuzzy filter and non-adaptive filter with a 

constant smoothing factor are 3.4 msec and 10 µsec, 

respectively. Therefore, to apply our adaptive fuzzy filter, 

the time interval between link quality calculations should 

be longer than 3.5 msec. 

It is observed that a large smoothing factor, e.g. α = 0.9, 

increases the stability of estimators at the expense of a 

relatively large delay when there are persistent changes in 

link quality. Similarly, a small smoothing factor, e.g. α = 

0.2, closely tracks the persistent changes in calculated link 

quality at the cost of slightly reduced smoothing 

capabilities. In fact, a small smoothing factor just follows 

the original ELQs. Comparing the graphs shows that the 

proposed fuzzy filter provides expanded smoothing while 

enables the close tracking of the persistent changes in 

ELQs, i.e., the proposed method provides both agility and 

stability. The temporal behavior in Fig. 5(a), has sudden 

drop at t=7, t=13, and t=25. The results demonstrate 

adaptive fuzzy filter and the non-adaptive filter with α = 

0.9 smooth the ELQ and resist these temporary changes. 

While the non-adaptive filters with lower value of α does 

not perform well against the transient fluctuations. The 

same observation can be seen in Fig. 5(b) and 5(c). 
 

 
(a) 

 
(b) 

 
(c) 

 

Fig. 5 Comparison results of EWMA filtering of low persistent ELQs 
with adaptive fuzzy filter and non-adaptive filter with different constant 

smoothing factors 
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In Fig. 6(a), (b), (c) and (d) the link quality curves have a 

high persistent change. The results show that the non-

adaptive filter with α = 0.9 has a long delay to track the 

persistent changes. On the contrary, the delay is low when 

the smoothing factor is low. The adaptive fuzzy filter has a 

moderate delay in tracking the persistent change with the 

price of being stable in transient changes. In other words, 

the results shown in Fig.5 and Fig.6 indicate that the 

adaptive fuzzy filter can distinguish well between transient 

and non-transient changes of the link quality. 

The Coefficient of Variation (CV), defined as the ratio of 

the standard deviation to the mean, shows the performance 

of the LQEs in terms of stability [9],[15]. The CV for the 

low persistent link quality curves shown in Fig.5, are 

presented in Table3. The lower CV represents the more 

stable estimation. The CV values of the filtered ELQs by 

the adaptive fuzzy filter and non-adaptive fuzzy with α = 

0.9 are low compared to the two others. Hence the formers 

are more stable estimation. 

Agility is measured by settling time (ST), defined as the 

time needed by the estimator to reach the measured value 

within an error bound of e [9]. The lower ST represents the 

more agile estimation. The CV and ST for the four link 

quality curves shown in Figure 6, are presented in Table4. 

The value of ST is in terms of time interval and e is about 

5%. The numerical results show the adaptive fuzzy filter 

provide a balanced stable and agile estimation results, 

while the ones of constant smoothing factor filters are 

either stable or agile, depending on the value of the 

smoothing factor. 

The empirical Cumulative Distribution Function (CDF) of 

two different links, which are shown in Figure 5(a) and 

Figure 6(d), is presented in Figure 7 for proposed adaptive 

fuzzy filter and non-adaptive filter with a three different 

constant smoothing factors α = 0.9 , α = 0.5 and α = 0.2. 

At the same time that the adaptive filter tries to balance 

between agility and stability, it should be confident to real 

quality of the link as much as possible. In other words, the 

proportions of link quality in terms of poor, moderate, or 

high quality in the CDF of basic ELQ, not filtered one, 

should remain almost the same in the CDF of the filtered 

ELQ. The presented scenario in Figure 5(a) shows a link 

with constant qualities equal to 0.9, and the presented 

scenario in Figure 6(d) shows that almost 28% of the link 

is in near to high quality; about 60% of the links is in 

intermediate quality; and about 12% of the link is in poor 

quality. According to the results shown in Fig. 7, adaptive 

LQE classify the link qualities close to the proportions set 

in these scenarios. The comparison results show that the 

non-adaptive filter with a smaller and larger constant 

smoothing factor over estimate and underestimate the link 

quality, respectively. 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 6 Comparison results of EWMA filtering of high persistent ELQs 
with adaptive fuzzy filter and non-adaptive filter with different constant 

smoothing factors  
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Table 3: The coefficient of variation for presented results in Fig. 5  

Link Quality 

CV 

adaptive 
fuzzy filter 

non-adaptive filter 

α = 0.9 α = 0.5 α = 0.2 

Link1 (Fig. 5(a)) 0.0225 0.0184 0.0422 0.0647 

Link2 (Fig. 5(b)) 0.0496 0.0378 0.0781 0.1198 

Link3(Fig. 5(c)) 0.0230 0.0221 0.0261 0.0311 

Table 4: The coefficient of variation and settling time for presented 

results in Fig.6 

Link 
Quality 

Criterion 
adaptive 

fuzzy filter 

non-adaptive filter 

α = 0.9 α = 0.5 α = 0.2 
Link1 

Fig. 
6(a) 

CV 0.5095 0.2039 0.5494 0.6202 

ST 4 more than 9 9 2 

Link2 
Fig. 
6(b) 

CV 0.7140 0.2901 0.7723 0.8791 

ST 4 more than 10 4 3 

Link3 
Fig. 
6(c) 

CV 0.4147 0.2954 0.4316 0.4576 

ST 4 more than 15 4 4 

Link4 
Fig. 
6(d) 

CV 0.3034     0.1791     0.3250     0.3748 

ST 4 more than 6 4 2 

 

(a) 

(b) 

Fig 7. Empirical CDFs of link quality estimators for two scenarios are 

presented graphically in (a) Fig 5(a) and (b) Fig 6(d). 

When measuring the quality of a link over a given period, 

all sorts of different scenarios may occur in the 

combination of noise and persistent changes in link 

quality. Generally, as shown in the Fig. 8, selecting a 

constant value for α causes the EWMA filter output to 

works fine in either noise-canceling or in tracking the 

persistent changes, not necessarily both. Therefore, a 

dynamic value for α is required. The fuzzy system adapts 

the system to different scenarios and chooses an 

appropriate value for α at any given moment. 

 

 

Fig 8. Comparison results of EWMA filtering with adaptive fuzzy filter 

and non-adaptive filter with different constant smoothing factors 

4- Conclusion 

An adaptive fuzzy filter to smooth transient variations of 

LQE has been proposed in this paper. The filter makes a 

balance between stability and agility in LQE. The 

proposed filter consists of an EWMA filter and a fuzzy 

system. The performance of the EWMA filter depends on 

the value of the smoothing factor which is tuned by the 

fuzzy system. The fuzzy system uses two inputs which are 

quantitative representations of the transient and the 

persistent changes in link quality status. In the fuzzy 

inputs, we selected as few MFs as possible to obtain 

decent performance with low system complexity. We have 

evaluated the filter in terms of stability and agility with 

CV and ST metrics. Numerical results show that our 

proposed adaptive fuzzy filter provides balanced, stable 

and agile, estimation results, while the ones of a constant 

smoothing factor filter are either stable or agile, depending 

on the value of the filter smoothing factor. The adaptive 

fuzzy filter is more complex with respect to the non-

adaptive EWMA. However, the complexity cost is 

negligible with respect to the resource utilization 

improvement and/or signaling overhead reductions (e.g., 

rerouting). 
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