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Channel-based radio-frequency fingerprinting such as a 
channel impulse response (CIR), channel transfer function 
(CTF), and frequency coherence function (FCF) have 
been recently proposed to improve the accuracy at the 
physical layer; however, their empirical performance, 
advantages, and limitations have not been well reported. 
This paper provides a comprehensive empirical 
performance evaluation of RF location fingerprinting, 
focusing on a comparison of received-signal strength, 
CIR-, CTF-, and FCF-based fingerprinting using the 
weighted k-nearest neighbor pattern recognition 
technique. Frequency domain channel measurements in 
the IEEE 802.11 band taken on a university campus were 
used to evaluate the accuracy of the fingerprinting types 
and their robustness to human-induced motion 
perturbations of the channel. The localization 
performance was analyzed, and the results are described 
using the spatial and temporal radio propagation 
characteristics. In particular, we introduce the coherence 
region to explain the spatial properties and investigate the 
impact of the Doppler spread in time-varying channels on 
the time coherence of RF fingerprint structures. 
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I. Introduction 

There has been a noticeable increase in the research field   
of wireless positioning, and more specifically, in indoor 
positioning [1], [2]. Location fingerprinting based on an 
intelligent machine learning technique is considered a 
promising way of overcoming the difficulties presented by 
indoor radio propagation, and is based on collecting radio-
frequency (RF) signals in predefined locations from available 
access points (APs) and storing them into the radio map 
(offline phase). The RF pre-measurements are then used to 
locate an unknown mobile user during the estimation (online) 
phase in which real-time measured RF signals are compared to 
an offline database to find the maximally correlated entry that 
corresponds to the estimated position. 

Received signal strength (RSS)-based location fingerprinting 
has been the dominant approach in the literature owing to the 
simplicity of measuring the RSS [3], [4]. However, the results 
reported in [5] and [6] showed that complex pattern recognition 
algorithms, such as neural networks or kernel regression, 
perform as well as the simple nearest neighbor (NN) or k-nearest 
neighbor (kNN). Recognizing the limited gains (or the 
uncertainty caused by fading) using RSS-based techniques [7], 
[8], research focus  has recently shifted to “channel” based RF 
fingerprints that improve the fingerprint structure at the physical 
layer. An example is the channel impulse response (CIR), which 
harnesses the multipath information that is theoretically unique to 
a given location, and therefore yields a more accurate fingerprint 
and location estimate. CIR fingerprinting for WLAN systems 
was investigated in [9] using ray-tracing simulations. Ultra 
wideband (UWB) based CIR fingerprinting has shown the 
benefits of high time-domain resolution in enhancing the 
localization accuracy [10], [11]. A performance evaluation of 
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CIR fingerprinting has revealed that the system bandwidth and 
database resolution (grid spacing) are important factors in 
achieving a high level of accuracy [12]. Recently, other channel-
based RF fingerprints represented in the frequency domain have 
been proposed. The first is the channel transfer function (CTF), 
which is a Fourier transform of a CIR [11]. The second is the 
frequency coherence function (FCF), which is an autocorrelation 
of the channel in the frequency domain [13].  

Although the existing literature has focused on the 
performance of pattern recognition algorithms applied to RSS-
based fingerprints [5], [6], performance comparisons of various 
other RF fingerprints, for example, CIR, the CTF, and the 
frequency coherence function (FCF) versus the RSS, have not 
been conducted outside of our initial work [14]. Moreover, the 
behavior of fingerprints in a time-varying channel has yet to be 
addressed. As a result, there is a need for understanding the 
comparative advantages and limitations of the existing RF 
fingerprint structures. The present paper provides an empirical 
performance evaluation of RF fingerprinting from a physical 
layer perspective for WLAN systems. Using a dedicated 
measurement system, a database of RF fingerprints was 
constructed from measurements in a typical indoor environment 
conducted in the IEEE 802.11 bands. The accuracy gains of 
different fingerprint structures using the simple weighted kNN 
(w-kNN) algorithm are evaluated, and the localization 
performance is further explained through an in-depth analysis of 
the radio propagation characteristics. Specifically, to describe the 
localization accuracy in stationary conditions, a coherence region 
in the spatial domain is defined and related to the small- and 
large-scale propagation phenomena. A characterization of the 
impact of motion on the temporal de-correlation properties of RF 
fingerprints is also introduced. In particular, the temporal 
characteristics are analyzed through an examination of the 
relationship between the Doppler spread and the coherence time 
of the fingerprints.  

II. Location Fingerprinting 

Location fingerprinting is a machine learning technique that 
combines the use of predefined RF measurements and pattern 
recognition algorithms to estimate a user location. In this section, 
the mathematical model of a location fingerprinting database, or 
radio map, and the pattern recognition algorithms are introduced. 

1. Radio Map  

A radio map is constructed during the offline phase by 
creating a grid of training points in an indoor area with spacing 
Δ, which defines their separation in the x-y plane. The spacing 
dictates the total number L of training points, and hence the 

radio map density. For each (xi , yi) location, where i  [1, L], 
there exists a unique fingerprint vector, Si, 

1 2 1( , ) S [s s s ]i i i i i iA Ax y    ,         (1) 

where sij  is the averaged measured RF signal at the ith 

location from the jth AP, and A is the number of APs covering 

the floor or building. The average is defined after collecting N 

samples of the time-varying RF signal, 
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The elements sij  of the fingerprint can be a scalar in an RSS 

case, or a vector (that is, a sampled continuous function) in CIR, 

CTF, and FCF cases such that  

 1s [ (1) (2) ( )]ij ij ij ij Ms s s M   ,        (3) 

where M represents the maximum size of the averaged 

measured RF signal, sij . Similarly, during the online phase, a 

fingerprint at an unknown position b is measured for various 

access points between 1, 2, and so on, and is given by 

1 2 1[ ]b b b bA AZ z z z , which is then compared with 

the radio map database to estimate the target location. 

2. Pattern Recognition 

Pattern recognition algorithms are used in the online stage to 
estimate a location by comparing an online fingerprint with the 
offline fingerprint database. Because more complex algorithms, 
such as neural networks or kernel regression, perform about as 
well as the simple nearest neighbor or kNN [5], [6], the focus 
of the present paper is on a simple weighted kNN approach. 
The estimated position using the kNN algorithm is computed 
by first evaluating the correlation between the online 
fingerprint Zb and each offline fingerprint Si from the radio 
map. The correlation between the online fingerprint at location 
b and the offline fingerprint at location i is given by ρb,i where  
0 ≤ ρb, i ≤ 1. Thus, the result of the radio map correlations will 
be the correlation vector, ρb = [ρb,1  ρb,2 …  ρb,L], which 
consequently will be the weights of the kNN algorithm as wb = 
[ρb,1  ρb,2 …  ρb,L]. The offline entries in the database that 
yield the highest correlations with the online fingerprint Zb will 
be used to calculate the estimated position by taking a weighted 
average of the estimated x-y coordinates, 
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where k represents the maximum number of nearest neighbors 
with the largest correlation. 
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III. RF Fingerprint Structures 

The structure of RF fingerprints is extracted from the wireless 
channel. In this section, the RF fingerprint structures are 
introduced and their spatial and temporal properties are discussed. 

1. Overview 

A given transmitted signal S(f) in an indoor environment 
experiences multipath replicas that contribute to the received 
signal R(f). The CTF is the frequency response of a wireless 
channel with multipath presence, 
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where al (t), θl (t), and l (t) are the gains of the radio channel, 
namely, the amplitude, phase, and delay of the lth multipath 
components, respectively. The CTF is unique to a location in 
space, but experiences rapid fluctuations owing to the 
frequency selective fading.   

Another well-known fingerprint structure is the RSS, which 
is expressed as  

2
( ) ( ) d .lP t a t f





                  (6) 

Although the RSS provides a fairly good estimate of the 
strength of the received signal R(f), it loses many of the 
multipath details owing to the averaging of the large- and 
small-scale fading of the radio channel.  

A channel RF parameter that characterizes the radio channel 
well in the time domain is the CIR, expressed as 
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The CIR shows the different delayed multipath versions of a 
transmitted signal at the receiving point. As shown in [16], the 
CIR is highly affected by the channel bandwidth, and multipath 
components that are merged at low bandwidths can be resolved 
well at high bandwidths. 

The FCF is yet another channel metric given as 

*( ) ( ) ( )dR f H f H f f f




    .          (8) 

FCF is known for its slowly changing nature in the spatial 
and temporal domains [13], which makes it a strong candidate 
as an RF fingerprint. 

The above mathematical models are unique at a point in 
space, but their positional resolution varies with the spatial 
properties of each fingerprint structure. Furthermore, the stated 
RF fingerprints do not assume time invariance for the radio 
channel, and hence they face different amounts of temporal 

variation in the channel. The spatial and temporal behaviors of 
the radio channel are discussed in more detail as follows. 

2. Spatial Behavior 

Understanding the spatial behavior of the fingerprints and 
relating it to the expected positioning accuracy is important. 
For an arbitrary online fingerprint in space Zb, (.) is defined 
as the spatial correlation variable of an online fingerprint with 
offline database entries Si: 

, corr( , )b i b i  Z S ,               (9) 

where 0 ≤ b,i ≤ 1. Given a spatial correlation threshold th = 
0.9, the high correlation points in space are filtered resulting in 
a coherence region AC such that the fingerprint coordinates (xi, 
yi)  AC  b,i ≥ th. The concept of a coherence region is 
explained in [11] and [12], and it has been shown that AC is 
related to the grid spacing of a radio map [12]. Assuming that 
the coherence region is circular with area AC = (rC)2, three 
scenarios can be studied. 

In Fig. 1(a), the maximum spatial correlation is limited to a 
very small area within the online point Zb and a small 
coherence region AC. This means that when the coherence 
distance is less than the grid spacing rC < ∆, none of the 
neighbor fingerprints look the same, meaning that a small grid 
is needed to obtain fingerprints close to the online point. In  
Fig. 1(b), the coherence region is restricted to the closest 
neighbors, which is a perfect condition for an optimal 
localization performance that fulfills the need of the 
fingerprinting system, as shown in [12]. In Fig. 1(c), the 
coherence region is large and hence many neighbors look the 
same. In this case, positioning errors might occur because of 
the similarity of the fingerprints in space, which should be the 
case for a fingerprinting system that requires the uniqueness of 
the fingerprint shape in space. 

3. Temporal Behavior 

In real-life situations, the radio channel is not static, and 
important factors in its time variation are the multipath 
propagation, speed of the mobile terminal, and speed of the 

 

 

Fig. 1. Coherence region AC under three scenarios: (a) rC < Δ, (b) 
rC = Δ, and (c) rC > Δ. 
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surrounding objects [15]. These introduce small-scale fading in 
which, for a certain fixed area in space, the received RF 
profiles exhibit rapid fluctuations in time. The temporal 
variation of the radio channel can be characterized from 
channel parameters such as the Doppler spread, which is 
caused by users moving within the vicinity at a speed of m, 
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  ,                (10) 

where fc is the carrier frequency and co is the speed of the 
propagation. Doppler spread measurements were studied well 
in [16], and hence the same methodology is used here for 
measurements for an indoor radio channel. For a single carrier 
frequency of the CTF, the Doppler spectrum can be obtained 
by taking the Fourier Transform of H(fc, t),  

2
c c( , ) ( , ) dj tH f H f t e t    ,         (11)                

where  lies within the range of frequencies over which the 
Doppler spectrum is nonzero. To measure the Doppler spread 
in a channel, the RMS Doppler bandwidth rms provides an 
exact estimation, which is given as 
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where V() = |H(fc, )|2 is the Doppler power spectrum. The 
Doppler spread results in a spectral broadening, that is, a shift 
in the received frequency by the time rate at which the radio 
channel changes because of certain movement within the 
channel. In the counterpart time domain, the reciprocal of the 
Doppler spread is the coherence time, TC, which defines the 
amount of time during which a radio channel can be 
considered flat and/or stationary, resulting in similar RF 
profiles at different times. A high Doppler spread and/or low 
coherence time results in time-selective fading in the channel, 
which leads to a signal distortion. 

Fingerprints are characteristics of the radio channel, in which 
the same time variations as the channel are experienced, and 
hence different temporal variations in scale occur according to 
the channel Doppler shifts and/or coherence time.   

The construction of a radio map involves capturing the RF 
fingerprints at multiple time instants, as indicated in (2), in 
order to capture the time varying nature of the radio channel. 
Moreover, to make the data more realistic, that is, close to real-
time scenarios, the fingerprints are grouped into stationary and 
moving scenarios. In the stationary scenario, STATs ,ij  the 
channel is stable and assumed to be linear time-invariant, while 
in the moving scenario, MOVs ,ij  the channel experiences 
distortion because of movement by people. The temporal 
correlation variable T(.) is used to correlate fingerprints under 

different scenarios at a single location i as 
STAT MOVcorr( , )i ij ijΤ s s .              (13) 

The next sections provide an interesting analysis that relates 
the temporal correlation variable T(.) and the RMS Doppler 
bandwidth rms at different levels of channel variation (moving 
scenarios) for different fingerprint structures. 

IV. Measurements  

For this work, a location fingerprinting database (offline  
and online) was collected by conducting frequency-domain 
channel measurements. A measurement system similar to the 
one in [11] and [16] was used to construct the RF fingerprints 
at different locations across a floor plan of interest.  

1. Measurement Environment 

The frequency domain channel measurements were 
conducted at the Khalifa University building in Sharjah, UAE. 
The layout of the floor plan is shown in Fig. 2. The 
measurements covered four zones with a total area of 30 m ×  
25 m, which included corridors, a laboratory, and student lounge 
areas. Figure 2 also shows the respective positions of the 
transmitter antenna at each of three fixed WiFi access points. 

2. Measurement Setup 

The frequency domain measurements (S21) of the wireless 
channel were carried out using an R&S vector network analyzer 
(VNA), combined with a 30-dB power and LNA amplifier, low-
loss RF cables, and omnidirectional transmitting and receiving 
antennas both fixed at a height of 1.5 m. 

The VNA was setup to measure N = 40 consecutive sweeps 
each containing 601 frequency sample points with a spacing of 

 

  

Fig. 2. Layout of KU ground floor. Red triangles are TX 
locations, and dots are offline locations. 
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0.167 MHz to cover a 100-MHz band centered at 2.45 GHz. 
These settings provided a high time-domain resolution of 10 ns 
(inverse of the bandwidth) and a time span of 5.99 µs (inverse 
of the frequency step). In addition, to study the Doppler spread 
in the channel without aliasing, the sampling frequency of the 
measurements (inverse of the sweep time) should satisfy the 
Nyquist criterion, which is twice the maximum Doppler spread 
in (10). For this case, given a maximum user speed of c =  
0.8 m/s and carrier frequency fc = 2.412 GHz, and assuming 
propagation in a free space at light speed, a sweep time of 
81.135 ms is set. According to equation (10), the former 
parameters allow for a maximum Doppler spread of 6 Hz. 

The measurements were designed to examine the WiFi bands, 
specifically channels 1, 6, and 11 in the IEEE 802.11g standard. 
Hence, the measured 100 MHz was parsed to fit the channel 
allocations in the standard. In this paper, the analysis is focused 
on channel 1 because it experienced the least interference from 
the deployed APs. In fact, an examination of the data revealed 
that channel 6 (the default channel of the deployed APs) 
experienced the worst interference. The impact of interference on 
location fingerprinting remains as future work. 

3. Measurement Procedure 

The test area shown in Fig. 2 was divided into uniform grids 
with a 1-m spacing, which resulted in a total of 152 offline 
points. In the survey, the offline database was first gathered by 
measuring the channel frequency response at each of the   
152 points from a single transmitter fixed in a location close to 
an actual WiFi AP. This was repeated for the other two access 
points. To test the performance of the location fingerprinting 
system, the channel frequency responses were collected for   
B = 51 online points distributed randomly in the test area, and 
will be compared later with the offline database. The latter was 
measured under a stationary scenario; no movement was 
indicated around the TX/RX at the time of the measurements. 
For the online database, in addition to the stationary case, the 
channel fluctuations from motion were captured by emulating 
two time-varying channel (moving) scenarios, that is, under 
light and heavy movements, which correspond to one 
individual and three individuals walking around the TX/RX 
while the 40 snapshots were taken, respectively. This set of 
measurements is important for analyzing the impact of motion 
on the integrity of RF fingerprint structures. 

V. Results and Discussion 

The results presented here provide a comprehensive analysis 
of the localization performance of RF fingerprint structures. 
The first section presents localization results under stationary 

and time-varying channel conditions for different radio map 
and kNN parameters. The localization performance will then 
be explained through in-depth spatial and temporal (Doppler) 
analyses, and assessed using the CDF of the localization error 
and RMS error (RMSE). The error magnitude is defined by  

2 2ˆ ˆ( ) ( ) ( )b b b bb x x y y     .      (14) 

The RMSE of the error vector ξ = [ξ(1)  ξ(2) ····· ξ(B)] is 
calculated as  
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  ,            (15) 

where B = 51 corresponds to the maximum number of online 
points. 

1. Performance Evaluation of Fingerprint Structures 

The general localization performance of the RF fingerprints 
is illustrated in Fig. 3 using a kNN with K = 3, three APs, and  
N = 40 consecutive time sweeps (the actual channel was 
perturbed by the motion of people and/or objects (heavy 
movements) around the TX/RX. It is clear from Fig. 3(c) that 
an FCF fingerprint outperforms the other types of fingerprints 
in both the stationary and moving scenarios. Because of the 
robustness and low-changing nature of the FCF [13], the 
performance is better sustained in time-varying channels 
compared with the other fingerprints. The performance of   
the CTF fingerprint, illustrated in Fig. 3(a), shows a slight 
deterioration under a time-varying channel, which is mainly 
due to the sensitivity of the frequency response of the multipath 
components. Any changes in a single path can alter the 
response significantly [13]. The other fingerprints, CIR and 
RSS, are shown in Figs. 3(b) and 3(d), respectively. It is clear 
that the CIR in the stationary case is close to the RSS. This is 
mainly because the CIR is a function of the system bandwidth, 
and at 22 MHz (WiFi bandwidth) has a limited time-domain 
resolution [12]. However, CIR fingerprints are relatively more 
robust under time-varying channels because the channel in the 
time-domain (particularly at alower bandwidth of 22 MHz) 
does not change significantly when the channel is perturbed. 
Although the motion of people around the TX/RX affects 
several paths, the overall impact on the CIR is limited owing to 
the clustering phenomena of the response at low bandwidths 
[17]. The performance of RSS in the moving scenario exhibits 
considerable degradation mainly owing to the averaging     
of power fluctuations resulting from channel perturbation 
(shadowing). RSS suffers the most from large- and small-scale 
fading, which is reflected in its localization performance. Further, 
under time-varying channels, the RSS fluctuations caused by the 
small-scale fading degrade the localization significantly. 
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Fig. 3. Cumulative density function (CDF) in stationary and movement scenarios: (a) CTF, (b) CIR, (c) FCF, and (d) RSS. 
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The impact of the channel perturbations is evident in the time 

measurements of the RSS, which explains the degradation 
shown in Fig. 3(d). 

The impact of the radio map and kNN parameters on the 
localization performance is analyzed in the following sections. 

A. Effect of Varying the Number of Access Points (APs) 

The performance of RF fingerprinting is a function of the 
number of APs, which affects the dimensionality and accuracy 
of the fingerprint structure. The RMSE was computed for two 
scenarios, stationary online fingerprints, shown in Fig. 4(a), and 
online fingerprints under time-varying-channels, shown in   
Fig. 4(b). The number of nearest neighbors used is K = 3. For 
both scenarios, there is an improvement for all fingerprints as 
the number of transmitter increases owing to the higher 
dimensionality of the fingerprints. The RSS fingerprint has the 
highest RMSE compared to the others in both cases. FCF 
shows the best performance, followed by CTF and CIR. As 
expected, the fingerprint accuracy degrades with motion. 

B. Effect of Varying the Number of Nearest Neighbors 

A performance analysis for stationary and time-varying 

channels, using different numbers of nearest neighbors, is 
presented in Fig. 5. As expected, the performance improves as 
the number of neighbors increases. These results were generated 
by taking an average of N = 40 offline measurements and an 
average of N = 10 sequential online measurements. The results in 
Fig. 5 support the CDF results shown in Fig. 3, where the FCF 
fingerprint structure exhibits the lowest number of localization 
errors. In the presence of time-varying channel perturbations, 
RSS shows the worst performance owing to the impact of small-
scale fading on the fingerprint structure. In comparison, the 
channel-based RF fingerprints show a stable performance under 
the same time-varying conditions. It is also interesting to note 
that RSS benefits the most from increasing the number of nearest 
neighbors, especially under time-varying conditions. 

C. Impact of Grid Spacing 

Figure 6 shows the CDF of the position error for the online 
points under stationary conditions against variations in the 
training point spacing. It can be seen that position errors for all 
fingerprint structures decrease with reduced spacing. 

However, the amount of reduction varies with the choice of 
fingerprint structure. In Fig. 6(a), the CTF shows a direct 
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Fig. 4. Performance of the number of transmitters available using kNN = 3: (a) stationary-stationary and (b) stationary-movements.
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Fig. 5. Performance based on the number of nearest neighbors: (a) stationary-stationary and (b) stationary-movements. 
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relationship in which the errors are reduced with the grid spacing, 
which is also reflected in the CIR and RSS fingerprints; however, 
this is not the case for some of the online points in the CIR 
fingerprint. The CIR shows closely similar behaviors at 2 m and 
3 m, but at 1 m there is a noticeable reduction in the positioning 
error. The FCF fingerprint in Fig. 6(c) shows a clear reduction  
in the error rate between 1 m and 2 m. The variation in 
performance of the CIR and FCF based on the grid spacing may 
be related to the spatial properties of the fingerprint structures 
discussed in Section III. Hence, the optimum performance for 
the localization system is obtained when the coherence region is 
close to the grid spacing (rC = Δ). In the next section, this 
behavior is further explained using correlation plots. 

2. Spatial Behavior 

Figure 7 provides correlation plots, based on the spatial 
correlation variable (.), for different fingerprint structures at a 
spacing of 1 m. An arbitrary online point was selected, and the 
spatial correlation of the online fingerprint to the offline points 
was computed and presented. In the figure, the green square is 
the location of the online point and the blue dots are the grid 

points for the offline training points. The red area indicates the 
coherence region AC given the correlation threshold th = 0.9. 
The plots illustrate a very interesting behavior for the 
fingerprints. Starting with Fig. 7(a), the CTF has a small 
coherence region with a radius smaller than the grid spacing  
(rC  Δ), which does not even cover the neighboring 
fingerprints. A small coherence region indicates that the CTF 
has unique fingerprints that change significantly in space. 

This is mainly because small displacements can cause 
significant changes in the shape and/or structure of the CTF 
owing to the sensitivity of frequency selective fading to 
spatial movements. In Fig. 7(b), the CIR has a larger 
coherence region than the CTF, which is related to the fact 
that, at a lower (22 MHz) bandwidth, the multipath 
components in the CIR fingerprint are clustered. The shape of 
the cluster does not change rapidly with small distances [17]. 
However, owing to the symmetry of some indoor objects or 
clutters, such as corridors, it is possible for the CIR to have 
significant disjoint coherence regions, creating some ambiguities 
in the location estimation. It is clear that the FCF in Fig. 7(c) has 
a coherence region that matches a grid spacing of 1 m where the 
neighbors of the offline points have high correlations with the 
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Fig. 6. CDF plots of the performance with different radio map spacing in stationary scenario: (a) CTF, (b) CIR, (c) FCF, and (d) RSS.
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Fig. 7. Spatial correlation plots between offline fingerprint and neighbors of a radio map: (a) CTF, (b) CIR, (c) FCF, and (d) RSS. 
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online point. This explains the performance of FCF in the earlier 
analysis, ensuring the correct selection of neighbors, and thus the 
accurate position estimation. It emphasizes that FCF is a slowly 
changing fingerprint in the spatial domain, which negates the 
need for small grids [13]. The weakness of a RSS fingerprint is 
further emphasized in Fig. 7(d), as a large coherence region 
results in poor location estimation, and therefore many neighbors 
will look alike. 

3. Temporal Behavior 

An earlier analysis showed that the temporal variations 
induced by human movement change the shape of the 
fingerprint structure, and hence directly degrade the 
performance. This degradation can be quantified by studying 
the small-scale fading (Doppler spread) caused by the motion 
of objects or people within the vicinity of the TX/RX, and 
relating it with the changes in the fingerprint structures. 

As described in Section III, the channel variation caused by 
the movement of people introduces a spectrum broadening at 
the receiver side, which can be measured using the Doppler 
spread. For an arbitrary offline point from an offline database, 
Fig. 8 shows the measured Doppler power spectrums V() for 
N = 40 sweeps of the channel responses H( fc, t) after averaging 
the contribution from each carrier frequency in channel 1 in  
the IEEE 802.11g standard, where fc = [2.401 – 2.423] GHz 
spaced at 0.167 MHz. The spectrum broadening caused by 
user movement is clear in Fig. 8. Moving from a stationary 
situation to different levels of movement, the frequency shift 
increases with an increase in the user speed, m, as indicated in 
(10). Scenario 1 shows a Doppler shift of less than 1 Hz 
compared to scenarios 2 and 3, where the Doppler shifts reach 
5 Hz and 6 Hz, respectively. 

Now, regarding the RF fingerprinting performance, the 
temporal variation of the radio channel can be related to the 
temporal correlation variable, T(.), as discussed in Section III. 
For an arbitrary offline point, Fig. 9 shows the temporal 
correlation between the 40 consecutive time sweeps of the 
fingerprint structures in the stationary scenario and their 
corresponding 40 sweeps in scenarios with light and heavy 
movements. Where movement occurs, samples are shown in 
which the fingerprints deviate from their baseline stationary 
values. It is clear that all fingerprint structures are corrupted by 
heavy movement, leading to low temporal correlation values. It 
is interesting to note, however, that for the same time-variation 
of the radio channel, different fingerprint structures show 
different amounts of temporal correlation. In Fig. 9(a), the CTF 
shows a temporal correlation T(.) of as low as 0.2 for samples 
between 10 and 15. For the same group of samples, Figs. 9(b) 
and 9(c) show that the CIR and FCF channel-based fingerprints 

 

Fig. 8. Doppler spread for different movement scenarios. 
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are less affected with a temporal correlation of around T(.) = 0.5. 
In Fig. 9(d), RSS shows huge fluctuations that are not evenly 
concentrated in one portion of the record. The results shown   
in Fig. (9) are consistent with the performance comparisons 
discussed earlier, and are related to the robustness of the 
fingerprint to its immunity to channel variations from 
movements within the vicinity. Greater immunity was clearly 
shown for the FCF and CIR fingerprint structures. 

An analysis relating the RMS Doppler bandwidth for the 
training points and the temporal correlations experienced by 
each fingerprint structure is shown in Fig. 10. It can be seen 
that, for all fingerprint structures, an increase in the Doppler 
shifts translates into an increase in the temporal variation. A 
close inspection of the figure shows moderate rates of change 
in the temporal correlations for both the CTF and CIR 
fingerprint structures. This rate is very slow in a FCF 
fingerprint structure, which agrees with the observations in  
Fig. 9. On the other hand, RSS suffers from a high rate of 
change in the temporal correlation. 

VI. Conclusion 

Because of the weakness of RSS as a type of fingerprint, 
alternative channel-based RF fingerprints, namely, CIR, CTF, 
and FCF, have recently been proposed. Although performance 
comparisons of RSS-based localization for different pattern 
recognition algorithms exist in the literature, an evaluation of the 
performance from a physical layer perspective has been lacking. 

A comprehensive empirical performance evaluation of RSS-, 
CIR-, CTF-, and FCF-based location fingerprinting was provided 
in this paper. By conducting a frequency-domain channel 
measurement campaign at a university campus, the 
performance of fingerprint structures and the impact of channel 
variation were investigated. The results demonstrate that FCF 
has the best performance and greatest robustness against 
channel variations resulting from the movements of people. 
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Fig. 9. Temporal correlation line-plot comparing different movement scenarios: (a) CTF, (b) CIR, (c) FCF, and (d) RSS. 
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Fig. 10. Temporal correlation and RMS Doppler bandwidth scatter-plot comparing different movement scenarios: (a) CTF, (b) CIR, (c)
FCF, and (d) RSS. 
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The behavior of the fingerprint structures was explained by 
studying the spatial correlations of the fingerprints. This relates 
the selection of nearest neighbor responses to the coherence 
region. From a spatial analysis, it is clear that in order to obtain 
an optimal localization performance, the radius of the 
coherence region should be close to the grid spacing.  

The temporal correlation variable of the fingerprints under 
three scenarios, stationary conditions, light movement, and 
heavy movement, with the RMS Doppler bandwidth led to a 
strong conclusion, that is, for the same Doppler shift 
encountered by the radio channel, the fingerprint structures 
show different amounts of deviation from their steady 
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(stationary) state, which substantially affects the amount of 
degradation in the positioning performance. This confirms the 
robustness of FCF fingerprinting against channel variations. 
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