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Abstract: The weighted K-nearest neighbors (WKNN) algorithm has been widely used in indoor fingerprint 
localization, which utilizes fingerprint distance (FD) of pairwise positions to discriminate the physical distance 
(PD) between them. However, due to the varied states of different wireless access points (APs), their 
contribution to FD discrimination capability varies. In our study, we analyzed several critical causes that affect 
APs’ contribution, including AP’s health state, the distance, and the direction between APs and position pairs. 
Inspired by these insights, a threshold was set for all sample RSS to eliminate the impact of abnormal APs on 
FD, and a correction quantity for each RSS was provided by the distance between APs and sample positions to 
reduce the strong signal influence on FD. Furthermore, a priority weight was designed by RSS differences 
(RSSD) to further optimize FD’s capability to discriminate PD. Integrating the above policies, a new indoor 
fingerprint localization technique is redefined, referred to FD’s discrimination capability improvement WKNN 
(FDDC-WKNN), which is suitable for indoor scenes with a large number of APs that are not uniformly 
managed. Our simulation results show that the correlation and consistency between FD and PD are well 
improved, with strong correlation increasing from 0 to 76% and high consistency increasing from 26% to 99%, 
which confirms that the proposed policies can greatly enhance FD’s discrimination capabilities to PD, and we 
also found that abnormal APs can cause significant impact on FDs’ discrimination Capability. Further, by 
implementing the FDDC-WKNN algorithm in experiments, we obtained the optimal K value in both the 
simulation scene and real library scene, under which the average localization errors have been reduced from 
2.2732𝑚 to 1.2183𝑚 and from 3.4295𝑚 to 2.2068𝑚, respectively. In addition, compared to not using the FDDC-
WKNN, the cumulative distribution function (CDF) of the localization errors curve converged faster and the 
errors fluctuation is smaller, which demonstrate FDDC-WKNN having stronger robustness and more stable 
localization performance to the state of APs in indoor environments.  

Keywords: indoor fingerprint localization; WKNN; fingerprint distances 
 

1. Introduction 

With the rapid development of wireless communication technology in pervasive infrastructure 
and mobile clients, the demand for LBSs (location-based services) is also accelerating in people’s daily 
lives. Hence, indoor localization techniques have got great concern in both academia and industry, 
and various indoor localization techniques have been developed, classified by the dependent 
infrastructure, such as Wi-Fi [1] [2], acoustic signals [3], UWB [4], RFID [5], etc.; by the nature of 
signals to be measured, such as TDOA(Time Difference Of Arrival), TOA (Time Of Arrival), RSS 
(Received Signal Strength) [6], and CSI (Channel State Information)[7], etc. 

In particular, because of the advantages of no need for additional infrastructure, low cost, and 
high localization accuracy, especially with the rapid development and popularization of smartphone 
and WLAN infrastructure, indoor fingerprint localization has become one of the focuses of current 
research. Among all developed indoor localization techniques, the WLAN-based localization method 
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is one of the most popular methods. Which, indoor fingerprint localization is widely popular because 
it does not require the accurate location of the APs and can fully utilize public WLAN facilities for 
localization [8]. The fingerprint-based indoor localization is usually conducted in two phases, i.e. 
offline site survey phase and online fingerprint matching phase. Accuracy has long been the primary 
challenge for indoor fingerprint localization. So far, a lot of study work and achievements have been 
made in these two phases and many systems, and techniques and technologies have been developed 
to reduce localization error and improve localization accuracy [9] [10].  

The multidimensional scaling (MDS) technology is a data dimensionality reduction method 
widely applied in indoor localization [11], which employs FDs to represent PDs to construct a 
distance matrix between nodes to obtain their similarity or correlation, thereby calculating an 
estimate of TP [12]. In recent years, with the vigorous development of artificial intelligence (AI) 
technology, a large number of machine learning have been introduced into indoor fingerprint 
localization, such as support vector machine [13], weighted K-nearest neighbor (WKNN) [14] [15], 
and artificial neural network (ANN) [16] [17], and so on. To deal with high noise in RSSI 
measurements and ensure high target-localization accuracy, authors in [13] proposed two range-free 
target-localization schemes on SVR, one is a plain support vector regression (SVR)-based model and 
the other is a fusion of SVR and Kalman filter (KF). WKNN has been widely used in indoor 
localization, for the problem of traditional WKNN not getting high accuracy and having poor 
stability, the Manhattan distance was introduced in [14], while in [15], a combined algorithm based 
on WKNN and extreme gradient boosting (XGBoost) was proposed. Further, the BP (Back 
Propagation) neural network is used in [17] to determine the distances between the TP and each RP 
to mitigate the effect of fluctuation of RSS. And deep neural network (DNN) model is considered in 
[18], where DNN models obtained from multiple training sessions are combined to locate the target, 
achieving the lower RMSE. In all, it has been proved that machine learning can effectively improve 
indoor localization accuracy, enhance system robustness, reduce costs, and improve the performance 
of the indoor localization method [19]. 

In addition, a variety of other localization strategies have also been proposed. For example, in 
literature [20], a location-aware infrastructure is presented, which can give rise to a sensing 
mechanism that enables infacility crowdsourcing can help fingerprinting localization services. By the 
similarity of RSS sequences, the assistant nodes were selected in [21].to improve the localization 
accuracy, and by an adaptive Kalman filter, the time-of-flight ranging error has been alleviated. 
Recently, a fingerprint augment framework based on super-resolution (FASR) was proposed in [22] 
to reduce the cost at the offline phase and ensure localization accuracy. Based on the conversion 
between fingerprint image and fingerprint data, the framework achieved the fusion of fingerprint 
augment and super-resolution. A transportable laser range scanner was used to automatically label 
Wi-Fi scans in [23] to get an accurate indoor fingerprint localization system with no associated data 
collection. 

For the online phase of fingerprint-based localization, it is widely known that fingerprint 
matching techniques play an important role in reducing localization errors, and have been developed 
various techniques [24] [25]. It can be seen that many fingerprint-based localization algorithms are 
based on a common premise, that is to use FD to discriminate PD, while FD is the Euclidean distance 
of RSSD [26] [27]. In [28], we have discussed that RSSD represents the difference in RSS received by 
an AP at two different locations, which is closely related to the state of the APs. Nowadays, with the 
booming development of intelligence, many indoor spaces can receive a large number of AP signals. 
These APs with high-quality signals are installed for communication, they are evenly distributed and 
dense, but they are not uniformly managed. That is to say, we do not know the state of most of APs. 
When we utilize these ubiquitous APs for localization, they will bring greater interference and 
uncertainty, seriously affecting localization performance.  

However, the root cause of localization errors from APs has not been adequately studied. 
Although researchers in [29] identified several crucial problems that caused the localization errors, 
only the different distances of the APs having diverse discrimination capabilities were studied. In 
[30], the problem of the impaired APs and the joining of the new APs were considered and a secure 
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fingerprint localization method was proposed for robust variable environments, but it has to rely on 
a Wi-Fi terminal with a transmitter and receiver module. Although we have analyzed AP’s 
discrimination capability in [28], no localization algorithm was provided. Hence, the research of [28] 
was extended in this article, a new FDDC-WKNN technique is redefined by combining the policies 
of improving FD’s discrimination capability to PD and WKNN algorithm, which can provide a 
solution for the aforementioned problem about APs’ state.  

The scenes considered is APs-rich indoor environments and APs’ states are unknown. We 
conduct a variety of experiments to observe the effects of the various states of APs on localization 
accuracy, and find that the PD of the pairwise position indicated by RSSD depends on three factors. 
Then, based on the analysis of the relationship between the RSSD from an AP and a position pair, we 
provide the corresponding solution policies to improve FD’s discrimination capability to PD from 
above three factors. At last, we integrated all these perspectives with WKNN in a unified solution 
and proposed an FDDC-WKNN algorithm. 

The main work and contributions of the article can be summarized as follows.  
 The root causes of limiting the discrimination capability of FD related to APs’ state are 

investigated. We deeply analyzed and recognized three factors of APs affecting FD’s 
discrimination capability, which is 1) the distance between AP and the sample position; 2) the 
AP’s direction to the pairwise positions; 3) the health state of the APs. 

 For the above three problems, we provided corresponding solution policies to improve FD’s 
discrimination capability, which include a threshold to eliminate abnormal APs, a 
discrimination correction quantity, and a priority weight. 

 Ultimately, by integrating the solution policies with WKNN, we advanced a redefined indoor 
localization technique, i.e. FDDC-WKNN, which has strong robustness and stability to the state 
of AP in APs-rich environments without knowing APs. 
The rest of the manuscript is organized as follows. Section 2 introduces the framework of FDDC-

WKNN and presents preliminary knowledge and some symbols definitions, and in section 3, we 
conduct some observation to find APs’ state affecting FD’s discrimination capability and provide 
corresponding solutions. FDDC-WKNN algorithm process is described in detail in Section 4, and in 
Section 5, extensive experiments and simulations are executed. At last, the conclusions of the article 
are presented in Section 6. 

2. Indoor Fingerprint Localization Model and Preliminary  

In this section, we first introduce the framework of the proposed FDDC-WKNN indoor 
fingerprint localization system, which is also applicable to other FDDC-based indoor localization 
systems. Then some preliminary knowledge and symbols definitions are provided to make the 
expression clearer later. 

2.1. The Framework of the Indoor Fingerprint Localization Model 

The localization process of a typical indoor fingerprint localization technique usually includes 
two phases, namely offline site survey and online fingerprint matching. During the offline phase, for 
each Reference Point (RP), the RSS values from different APs are collected and recorded as an RSS 
vector. Add the coordinates of the RP to the RSS vector to form the fingerprint of the RP. Finally, the 
fingerprints of all RPs form a fingerprint matrix and are stored in the fingerprint database. During 
the online phase, a user sends a RSS vector at a Test Position (TP) to the localization server, through 
the localization technique based on the fingerprints in the database, the server returns the user’s 
estimated position. 

In this article, we try to improve the WKNN algorithm based on FDs’ discrimination capability 
enhancement to be a localization technique FDDC-WKNN at the server. The framework of the indoor 
fingerprint Localization system is shown in Figure 1. 
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Figure 1. Framework of indoor fingerprint localization system. 

2.2. Preliminary 

For the convenience of subsequent expression, preliminary knowledge and some important 
symbols definitions used in the article are described and introduced in this section. 

2.2.1. Log-normal Distance Path Loss Model 

Theoretically, RSS decays logarithmically with propagation distance in terms of the propagation 
law of wireless signals. That is, when the transmitter sends a signal to the receiver, the path loss at 
the receiver ends logarithmically with the distance between the transmitter and the receiver.  Here, 
to express signal propagation loss in a complex indoor scene, the Log-normal Distance Path Loss 
model is considered, see Formula (1), and then, the received signal strength at the receiver can be 
gained by Equation (2).  𝑃௅(𝑑) = 𝑃௅(𝑑଴) + 10𝑛𝑙𝑜𝑔 ൬ 𝑑𝑑଴൰ + 𝑋ఙ , (1)

𝑟(𝑑) = 𝑃ோ(𝑑଴) − 10𝑛𝑙𝑜𝑔 ൬ 𝑑𝑑଴൰ + 𝑋ఙ , (2)

Here, all distances are measured in meters and the parameters in (1) and (2) are explained as 
follows.  𝑑 : the distance from the transmitter to the receiver; 𝑟(𝑑): the received signal strength at the receiver; 𝑃௅(𝑑): the path loss at the receiver; 𝑑଴: the reference distance, usually 1 m; 𝑃௅(𝑑଴): the path loss at the reference distance； 𝑛: the path loss exponent, i.e., the growth rate of path loss with distance which is based on the 
different environments and building types. mostly between 2 and 4.  𝑋ఙ: Gaussian noise, denotes the complex indoor environment effects. 𝑃ோ(𝑑଴): 𝑃் − 𝑃௅(𝑑) and  𝑃்  is the transmitter’s transmission power. 

2.2.2. The Standard for Measuring the Relationship Between Two Vectors 

Since utilizing FD of pairwise positions to discriminate the PD between them is a prerequisite 
for indoor fingerprint localization technologies, it is necessary to discuss the discrimination capability 
between two vectors, which means that we need to know under what conditions one vector can be 
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used to represent another vector well. Here, two criteria are considered, that is correlation and 
consistency. Next, let two vectors be denoted as 𝑋 and 𝑌, respectively.  
 Correlation  

In the field of natural sciences, the Pearson correlation coefficient between two variables is 
widely used to test the degree of correlation, with a value varying from -1 to 1. If the coefficient is 
between 0.8 and 1.0, the relationship between the two variables is a very strong correlation, and if the 
coefficient is between 0.6 and 0.8, the relationship between the two variables is a strong correlation. 
For 𝑋 and 𝑌, the Pearson correlation coefficient can be calculated by Formula (3). then the coefficient 
can be used to imply the correlation between FDs and PDs, and it is reasonable to be used to indicate 
the degree of linear correlation between them. 𝜆 = ∑ (𝑋௜ − 𝑋ത)(𝑌௜ − 𝑌 ഥ )௡௜ୀଵට∑ (𝑋௜ − 𝑋ത)ଶ௡௜ୀଵ ට∑ (𝑌௜ − 𝑌 ഥ )ଶ௡௜ୀଵ , (3)

where 𝑋ത and 𝑌ത represent the mean values of 𝑋 and 𝑌, respectively.  
 Consistency 

Besides, it is reasonable that if the 𝑋௜ is greater than 𝑋௝, the corresponding 𝑌௜ should also be 
greater than 𝑌௝, which can be called the degree of a data sequence. Similarly, if the consistency is 
between 0.8 and 1.0, the relationship between the two variables is a very high consistency, and if the 
coefficient is between 0.6 and 0.8, the relationship between the two variables is a high correlation. 
Usually, the consistency coefficient of X and Y is defined as:  𝑐 = ∑ 𝑠𝑖𝑔𝑛ൣ൫𝑋௜ − 𝑋௝൯ ∗ ൫𝑌௜ − 𝑌௝൯൧ଵழ௜,௝ழ௡,௜ழ௝ ∑ 1ଵழ௜,௝ழ௡,௜ழ௝ , (4)

where  𝑠𝑖𝑔𝑛(𝑥) = ቄ1, 𝑥 > 00, 𝑥 ≤ 0, (1)

From the above formula, there are some unreasonable situations for indoor fingerprint 
localization techniques. For example, if the PD of two positions is equal while the RSSD is very small, 
it is reasonable and practical to consider the data sequence between them to be consistent, but it is 
not consistent with the above formula. In this article, we use the modified formula of consistency 
coefficient in [28]. 

The aforementioned double coefficients are mainly used to test the relationships between FDs 
and PDs. In case the relationships have a very strong correlation and very high consistency, by 
adopting FDs to discriminate PDs in the indoor localization method, not only the uncertainty of signal 
propagation in the complex indoor environment can be greatly reduced, but also the localization 
accuracy can be improved and the localization error can be reduced. 

2.3. Symbols Definitions 

For one position 𝑖 with coordinate (𝑥௜ , 𝑦௜), the RSS vector collected from 𝑚 APs is represented 
by 𝑅௜: 𝑅௜ = [𝑟௜ଵ, 𝑟௜ଶ, … , 𝑟௜௠], (6)

where 𝑟௜௞ , (1 ≤ 𝑘 ≤ 𝑚) is the RSS value that is received from the 𝑘-th AP. Combining the position 
coordinates and the RSS vector, we can get the fingerprint 𝐹௜ of the position 𝑖: 𝐹௜ = [𝑥௜ , 𝑦௜ , 𝑟௜ଵ , 𝑟௜ଶ, … , 𝑟௜௠], (7)

For the pairwise positions (𝑖, 𝑗) consisting of two different positions in the indoor localization 
area, whose RSS vectors are 𝑅௜ and 𝑅௝ respectively, and whose coordinates are (𝑥௜ , 𝑦௜) and (𝑥௝ , 𝑦௝) 
respectively, define the following variables. 
 RSSD of the pairwise positions (𝑖, 𝑗): 
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Δ𝑅௜௝ = ൣ∆𝑟௜௝ଵ , ∆𝑟௜௝ଶ , … , ∆𝑟௜௝௠൧, (8)

where ∆𝑟௜௝௞ = ห𝑟௜௞ − 𝑟௝௞ห indicates the RSSD of the 𝑘-th AP at positions 𝑖 and 𝑗. 
 PD: 

𝑑௜௝௣ = ට൫𝑥௜ − 𝑥௝൯ଶ + ൫𝑦௜ − 𝑦௝൯ଶ, (9)

Obviously, 𝑑௜௝௣ = 𝑑௜௝௣ . 

 FD of the pairwise positions (𝑖, 𝑗): 

𝑑௜௝௙ = ඩ෍൫∆𝑟௜௝௞൯ଶ௠
௞ୀଵ , (10)

Noted that, from Equation (10), it can be seen that the contribution of different RSSD to the 
discrimination capability of FDs is different. The bigger contribution of the RSSD ∆𝑟௜௝௞ means the 
more suitable AP is selected. 

In order to measure the whole discrimination capability of the FD to the PD in the localization 
area, the whole FD vector and PD vector are defined. For the fingerprint of 𝑛 RPs in the fingerprint 
database, write the PD vector of all pairwise positions as:  𝐷௣ = ൣ𝑑௜௝௣ ൧, (0 < 𝑖 ≤ 𝑛, 𝑗 ≤ 𝑛, 𝑖 < 𝑗), (11)

Similarly, the FD vector of all pairwise positions is: 𝐷௙ = ൣ𝑑௜௝௙ ൧, 0 < 𝑖 ≤ 𝑛, 𝑗 ≤ 𝑛, 𝑖 < 𝑗, (12)

In this article, the relationships between vectors 𝐷௣ and 𝐷௙ are measured in the correlation and 
consistency, which are used to measure the discrimination capacity of FD against PD. 

3. Observation and Enhancement Policies for AP’s Discrimination Capability 

In the current highly developed social environment of information technology, our smart 
devices can easily receive high-quality signals from a dozen or more APs in public indoor 
environments. 

These abundant APs are usually installed for the function of communication by different 
individuals, which are located at various positions and have various states including removed, 
impaired or unstable, etc. If there exist abnormal APs, it will inevitably lead to wrong FDs of pairwise 
positions, resulting in large localization errors. Therefore, utilizing such abundant existing APs to 
select the suitable APs to improve the discrimination capability of FD has become an important factor 
affecting localization accuracy. 

From the definition of FD, we have to emphasize the discrimination capability of an AP’s RSSD 
to fingerprint a specific position. So, next, according to an in-depth analysis of the discrimination 
capability of a single AP to a position pair, we aim to provide different AP RSS correction and 
selection ways, to greatly improve the discrimination capability of FD to a PD. 

3.1. Observations for Discrimination Capability 

Indoors, signal attenuation and RSS fluctuation are severe, which are caused by signal reflection 
and refraction, or multipath fading and indoor noise. Especially, they are closely related to the current 
environment. Hence, RSS is seriously affected by the indoor environment. In addition to the above 
factors, due to the influence of the distance, direction and states of the APs, it often occurred that the 
identical RSSD implies different PD between two positions. 

In this article, the term discrimination capability is used to describe one AP’s contribution to 
FD’s capability to distinguish the PD of pairwise position. 
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3.1.1. Diverse FDs’ Discrimination Capability Caused by Different Distances APs  

It can be seen from Formula (2), 𝑅𝑆𝑆 ∝ −log (𝑑) which indicates that  ∆௥∆ௗ ∝ ଵௗ, where ∆𝑟 is the 
RSSD and ∆𝑑 denotes the corresponding distance difference. In other words, an identical ∆𝑟 means 
a larger PD difference ∆𝑑 at a farther position, or a smaller ∆𝑑 at a closer position. Similarly, an 
identical  ∆𝑑 means a bigger RSSD ∆𝑟 at a closer position, or a smaller ∆𝑟 at a farther position. 
Figure 2 illustrates the RSS spatial distribution. It can be seen that the same RSSD of ∆𝑟 = 20 
corresponds to the different difference in PD of two pairwise positions, depending on the distances 
of the specific AP. 

 
Figure 2. Discrimination capability diversity for APs with different distances. 

In order to display the effect of the change of AP distance to discrimination capability, for the 
identical ∆𝑑 = 2𝑚 at a different distance from an AP, the correspondence  ∆𝑟 values are shown in 
Figure 3. 

 
Figure 3. The different RSSDs for the same PD. 

In a word, the PDs of pairwise positions indicated by RSSDs depend on the receivers’ distance, 
leading to varying discrimination capability for various positions. 

3.1.2. Diverse FDs’ Discrimination Capability Caused by APs of Different Directions 

Inherent constraints constrained by the law of radio signal propagation; APs have diverse 
discrimination capabilities to different pairwise positions. That is, an identical ∆𝑟 can imply various 
PDs, see Figure 4., for any two positions, one is on the ring with RSS=-50dBm, and the other is on the 
ring with RSS=-70dBm, the value of RSSD ∆𝑟 is always 20, but the PD between them varies greatly. 
According to simple geometry, it’s easy to know that the PD of position pair (𝐴, 𝐵) is the smallest 
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and (𝐴, 𝐶) is the biggest. Meanwhile, the most accurate discrimination capability of RSSD ∆𝑟 = 20 
should be for position pair (𝐴, 𝐵), which is related to the direction of the APs. 

 
Figure 4. The discrimination capability diversity for APs with different directions. 

In other words, see Figure 5, assume that the pairwise position (𝐴, 𝐵) is fixed, i.e. 𝑑஺஻ = 𝑑଴ ≔Δ𝑑(𝑑଴ is a constant). Take position 𝐴 as the center, and make a circle with a radius smaller than 𝑑଴.of 𝑑ை஺. Suppose an AP is located at O, then 𝑑ை஺ is also a constant and 𝑑ை஺ < 𝑑଴, with 𝑂 as the center, 
drawing two circles with a radius of 𝑑ை஺ and 𝑑ை஻ , respectively. Connecting 𝑂𝐵 and 𝑂𝐴, which will 
intersect with the two circumferences at points 𝐴′ and 𝐵′, respectively, and 𝜃 (0 ≤ 𝜃 ≤ π)is the 
included angle between 𝑂𝐴 and 𝑂𝐵. 

It is obvious that 𝜃 changes with the location of the AP, but the correspondence between the 
RSSD ∆𝑟஺஻ and radius difference 𝑑ை஻ − 𝑑ை஺ remain unchanged, so set 𝑑ை஻ − 𝑑ை஺ ≔ Δ𝑟. Therefore, 
by studying the relationship between ∆𝑟 and 𝜃, we can get that when the orientation of AP changes 
concerning the position pair, the corresponding discriminate capability of RSSD changes rules. For ∆𝐴𝐴ᇱ𝐵, the following equation is gained: ∆𝑟 = 𝑑଴ − 2𝑑ை஺𝑠𝑖𝑛 𝜃2, (13)

 
Figure 5. APs at different directions for a fixed position pair (𝐴, 𝐵). 

We can obtain that the same value ∆𝑑 corresponds to different Δ𝑟, depending on the angle 𝜃 
between line 𝑂𝐴 and 𝑂𝐵, which means APs at different directions have different discrimination 
capabilities for the same position pair (𝐴, 𝐵). As seen from Figure 5., when one  𝐴𝑃 is located at 
point 𝑂ᇱ and point 𝑂ᇱᇱ, the discrimination capability of RSSD is optimal and poorest for position pair (𝐴, 𝐵). 

Remark that if 𝑑ை஺ is a very small value, which means that the space between 𝐴𝑃 and point 𝐴 
is tiny enough, ∆𝑑 is about equal to the PD 𝑑଴. Then, the RSSD can characterize all PDs (𝐴, 𝐵) well.  
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In a word, the PDs of the pairwise positions indicated by RSSDs depend on the receivers’ 
direction, leading to varying discrimination capability for various directions. 

3.1.3. Diverse FDs’ Discrimination Capability Caused by APs of Different Health States 

In order to make the localization more accurate, in addition to the above two aspects, the 
unstable APs should not be ignored. The unstable APs can be roughly divided into slight abnormality 
and complete failure (such as broken/removed/newly emerged). Slight abnormality means that the 
AP can transmit, but due to the device being impaired, the signal transmitted by the device is weak 
or unstable. Here, considering the complexity and variability of the indoor environment, for the 
obstruction of the new facilities or walls results in the weak signal of an AP at a specific location, we 
also treat the AP as slightly abnormal at the position. For complete failure/removed/newly emerged 
APs, it means that the device cannot transmit signals at all. 

In order to observe the effect of normal APs and abnormal APs, we carry out an experimental 
analysis of the RSS values of a specific position and the RSSD of a position pair. First, for the sampling 
position that is fixed 3 meters away from AP, we sample RSS values from a normal AP and an 
abnormal AP respectively, results shown in Figure 6 (a). From the figure, it can be seen that the RSS 
values of the abnormal AP are obviously lower than the RSS value of the normal AP. In addition, the 
RSS values of the abnormal AP are extremely unstable compared to the values of normal AP. Second, 
for the sampling position pair with 2.5m PD, we calculate the RSSD of the position pair, see Figure 6 
(b). As seen, when the AP sampling at one position is normal and at the other position is abnormal, 
the RSSD is obviously larger than that of normal AP and they are extremely unstable. When the AP 
sampling at both positions is abnormal, the RSSD is slightly smaller than that of normal AP and can 
be ignored when calculating FD. 

  
(a) (b) 

Figure 6. RSS value analysis. (a) The sampling point at 4m away from AP. (b) RSSDs for position pair 
with 2.5m. 

In a word, the PDs of pairwise positions indicated by RSSDs are closely related to the AP’s state, 
leading to diverse FD’s discrimination capability for different healthy states. 

3.2. FD’s Discrimination Capability Enhancement Policies 

In this section, different discriminatory policies are discussed based on the above discussion and 
analysis. we first discuss the strategy to identify the abnormal APs. 

3.2.1. Abnormal APs Identification 

Duo to abnormal APs is the main cause generating big errors in indoor fingerprint localization, 
we have designed two policies to reduce the impact of abnormal APs, one for slight abnormality APs 
and the other for complete failure/removed/newly emerged APs. 

Since the abundance of APs in the indoor environment and the possibility of abnormal APs, it is 
unnecessary and also unrealistic to utilize the RSSDs of all APs equally. Whether for the fingerprint 
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in the fingerprint database or online collected the RSS of TP, set a threshold for RSS values to exclude 
APs with weak signal strength.  

For position 𝑖, the RSS vector collected from 𝑚 APs is 𝑅௜ = [𝑟௜ଵ, 𝑟௜ଶ, … , 𝑟௜௠], the RSS value 𝑟௜௞ is 
defined as: 𝑟௜௞ = ቊ𝑟௜௞ 𝑟௜௞ ≥ ℛ0 𝑟௜௞ < ℛ (14)

where ℛ is a threshold, only the RSS values of APs with RSS values greater than ℛ will be used to 
participate in the following steps, otherwise, RSS values will be set to 0. Through this method, slightly 
abnormal APs with small RSS values (< ℛ) in the environment can be eliminated. Furthermore, from 
Equation (8) and (10), we can find that the component ∆𝑟௜௝௞  of RSSD directly impacts the FD 𝑑௜௝௙ . An 
AP is normal at one position but is a complete failure or removed or newly emerged at the other 
position, which can generate a significant ∆𝑟௜௝௞  and affect the discrimination capability of FDs. To 
avoid this situation, make the following rule for ∆𝑟௜௝௞: 

∆𝑟௜௝௞ = ቊห𝑟௜௞ − 𝑟௝௞ห 𝑟௜௞ ≠ 0 𝑎𝑛𝑑 𝑟௝௞ ≠ 00 𝑟௜௞ ≠ 0 𝑜𝑟 𝑟௝௞ ≠ 0 , (15)

We assume that there always exist rich APs in indoor scenes, then through the above policies, 
abnormal APs, especially the complete failure or removed or newly emerged APs in the environment 
can be eliminated almost. 

3.2.2. Discrimination Correction Quantity  

Here, we define a impact factor to quantitatively differentiate the RSSD of each AP for a specific 
position pair. Since a position pair includes two specific positions, the discrimination factor relates to 
the impact of AP at each position, it is necessary first to quantify the impact of each AP at each location 
which we term as an impact factor, and then to define correction quantity based on impact factor.  

According to the LDPL model (2) and the estimation of PDs between AP and a position, for the 
k-th AP to the i-th position, the impact factor is calculated as follows: 𝛾௜௞ = 1𝑑መ௜௞ = 10௥೔ೖି௉ೃ(ௗబ)ଵ଴௡  (16)

where 𝑑መ௜௞ is the estimated distance between the k-th AP and the i-th position. 
Considering that a certain AP has a large RSS value due to RSS fluctuation, which makes the 

other representative APs negligible, we introduce the way in literature [28] to redefine the impact 
factor. For coding with noisy RSSs, the impact factor is adjusted as follows: 

𝛾௜௞ = ⎩⎪⎨
⎪⎧ 10௥೔ೖି௉ೃ(ௗబ)ଵ଴௡                  𝑖𝑓 𝑟௜௞ ≤ 𝑟଴1𝑎 ቌ1 + 𝑒ିଶቆ௥೔ೖାଵ଴଴ଵ଴ ି௖ቇቍିଵ     𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, (17)

where 𝑟଴  is a flexible value, it can be given by empirical, e.g., -50dBm, 𝑎  and 𝑐  are constant 
parameters, which can be determined based on 𝑛 such that 𝛾௜௞ is continuous at 𝑟଴. 

From formula (17), because the reciprocal of PD is consistent with the monotonicity of the LDPL 
model, the basic rule is that the closer APs are, the stronger RSSs are. Due to the RSSD is the difference 
of RSS values between two positions, considering the uncontrollability of AP states in indoor 
environments, we believe that the larger the RSS, the greater the interference for RSSD. Therefore, 
the correction quantity is defined as follows. 𝜑௜௞ =  Φ ∙ 𝛾௜௞ (18)

where Φ  is a constant between 3dBm-6dBm, according to the environment conditions, 
approximately equal to the value of signal fluctuation at a position. 
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3.2.3. Priority Weight 

From Formula (13) in section 3.1.2, we can gain a rule: for APs in different directions, the smaller 
the angle 𝜃, the larger the RSSD Δ𝑟, and the stronger the discrimination capability of FD, which 
means that the APs who get the larger RSSD has greater contribution to FD’s discrimination 
capability. Therefore, we grant each RSSD of each pairwise position a priority weight 𝜏௜௝௞  as follows, 
which determines the priority and contribution of its participation in FD, see Equation (19). As seen, 
the larger RSSD corresponds to a higher priority weight. 𝜆௜௝௞ = 11 + 𝑒ି∆௥೔ೕೖ , (19)

It is clear that 𝜆௜௝௞  is the S function of ∆𝑟௜௝௞ , so adding 𝜆௜௝௞  to RSSD will not have a significant 
impact on the value of FD, avoiding affecting localization accuracy. 

Overall, through the above provided discrimination capability improved policies, the APs with 
large contributions to FD’s discrimination capability will be involved in the calculation of FD, and 
the more suitable the APs, the higher the degree of participation. Hence, FD with strong 
discrimination capability to PD is obtained, providing a guaranteed prerequisite for relevant 
fingerprint matching algorithms. 

4. WKNN and FDDC-WKNN Algorithm 

4.1. The Idea of KNN and WKNN Algorithms 

The K-nearest neighbor (KNN) algorithm is one of the most widely used fingerprint matching 
algorithms. The idea of the KNN algorithm is to select the positions of K fingerprints closest to the 
current positional fingerprint to estimate the current position, which is simple, intuitive, and 
effective. KNN is one of the algorithms that use FD of pairwise positions to discriminate PD between 
them. 

We assume that there are n RPs in an indoor area, and 𝑛 fingerprints were collected in the 
offline phase, which is denoted as [𝐹ଵ, 𝐹ଶ, ⋯ , 𝐹௡]், where 𝐹௜ = [𝑥௜ , 𝑦௜ , 𝑅௜], see Equation (6) and (7). In 
the online phase, the RSS vector of a TP is 𝑅௧. First, calculate all FDs 𝑑௧௜௙ (0 < 𝑖 ≤ 𝑛) from position S 
to RPs; second, select K nearest RPs based on all FDs; finally, use the following Formula (20) to get 
the estimation value of S coordinates: 

𝑆 =: (𝑥ො, 𝑦ො) = 1𝐾 ෍(𝑥௜ , 𝑦௜)௄
௜ୀଵ  (20)

The above formula indicates that the KNN algorithm sets the same weight to all K nearest 
neighbors. However, according to the propagation characteristics of indoor signals, it is known that 
the farther the distance, the stronger the signal fluctuation. For this reason, the WKNN algorithm sets 
different weights based on FD to emphasize that close neighbors contribute ability more, the 
estimation value of S coordinates can be expressed as follows. 

𝑆 =: (𝑥ො, 𝑦ො) = 1∑ 𝑤௜௄௜ୀଵ ෍ 𝑤௜ ∗ (𝑥௜ , 𝑦௜)௄
௜ୀଵ  (21)

where 𝑤௜  is the weight related to distance. In this article we adopt the WKNN algorithm to be the 
indoor fingerprint algorithm, and the weights are given in the following formula. 

𝑤௜ = 1 𝑑௧௜௙൘∑ 1 𝑑௧௜௙൘௄௜ୀଵ  (22)

Note that: Different K values mean that the number of nearest RPs selected is different, which 
can affect the accuracy of localization. The optimal K value often gained from experience or practice 
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4.2. The FDDC- WKNN Algorithms 

Taking into account all the strategies and WKNN idea discussed above, a uniform WKNN 
solution based on improving FD’s discrimination capability will be presented in this section, that is 
FDDC-WKNN. The presence of a large amount of abundant AP in the indoor environment is a 
prerequisite for this solution. 

For an indoor area, given that there are N RPs and M APs and fingerprint databases have been 
built on the Server. In the online phase, when we have the RSS vectors 𝑅௧ at a TP, send them to the 
server, and want to get the TP location (𝑥ො, 𝑦ො). Based on the policies aforementioned, the algorithm 
steps on the server side are given as follows. 

Step1. Set a threshold ℛ, modify the RSS value in 𝑅௧ and the fingerprint data in dataset by 
Formula (14), and combine 𝑟௧ and the RSS matrix of the fingerprint to a new matrix 𝐹ᇱas follows, 
where the first row of 𝐹ᇱ is RSS vector 𝑅௧ at TP, and the other 𝑁 rows are RSS matrix at RPs. 

𝐹ᇱ = ⎣⎢⎢
⎢⎡𝑟௧ଵ 𝑟௧ଶ𝑟ଵଵ 𝑟ଵଶ ⋯ 𝑟௧ெ⋯ 𝑟ଵெ𝑟ଶଵ⋮𝑟ேଵ

𝑟ଶଶ⋮𝑟ேଶ
⋯⋱⋯ 𝑟ଶெ⋮𝑟ேெ⎦⎥⎥

⎥⎤ : = [𝑅௧ 𝑅ଵ 𝑅ଶ ⋯ 𝑅ே]், (23)

Step2. Calculate discrimination factor 𝛾௜௞ for each RSS value and gain discrimination correction 
quantity matrix 𝛤 as follows. 𝛤 = [𝛤௧ 𝛤ଵ 𝛤ଶ ⋯ 𝛤ே]், (24)

where Γ௜ = [𝜑௜ଵ 𝜑௜ଶ ⋯ 𝜑௜ெ]் , (𝑖 = 𝑡 𝑜𝑟 1 ≤ 𝑖 ≤ 𝑁), 𝜑௜௞ =  Φ ∙ 𝛾௜௞ 
(25)

Then, we gain the correction quantity by 𝛤 times Φ and further calculate modified RSS data 
by 𝐹ᇱ minus discrimination correction quantity matrix 𝛤 ∗ Φ, see Equation (26). Here, 𝑅෨ଵ can be 
seen as the RSS value corrected by the discrimination factor. 𝐹ᇱ − 𝛤 = [𝑅௧ − 𝛤௧ 𝑅ଵ − 𝛤ଵ 𝑅ଶ − 𝛤ଶ ⋯ 𝑅ே − 𝛤ே]் ≔ [𝑅෨௧ 𝑅෨ଵ 𝑅෨ଶ ⋯ 𝑅෨ே]் ≔ 𝐹෨, (26) 

Step 3. Calculate the RSSD of the TP to each RP, that is subtract each remaining row of the matrix 𝐹෨ from the first row to obtain each RSSD vector ∆𝑅௧௜(1 ≤ 𝑖 ≤ 𝑁), then, an RSSD matrix is gained as 
follows.  ∆𝑅 = [∆𝑅௧ଵ ∆𝑅௧ଶ ⋯ ∆𝑅௧ே]், (27)

where ∆𝑅௧௜ = (|𝜑௧ଵ𝑟௧ଵ − 𝜑௜ଵ𝑟௜ଵ|, |𝜑௧ଶ𝑟௧ଶ − 𝜑௜ଶ𝑟௜ଶ|, ⋯ , |𝜑௧ே𝑟௧ே − 𝜑௜ே𝑟௜ே|)(1 ≤ 𝑖 ≤ 𝑁), (28)

Step4. Use priority weight Formula (19) to calculate all priority weight of ∆𝑅௧௜(1 ≤ 𝑖 ≤ 𝑁), we 
can get the following priority weight matrix Λ.  𝛬 = [𝛬௧ଵ 𝛬௧ଶ ⋯ 𝛬௧ே]், (29

where Λ௧௜ = [𝜆௧௜ଵ 𝜆௧௜ଶ ⋯ 𝜆௧௜ெ]் , (1 ≤ 𝑖 ≤ 𝑁) 
Then, calculate the Hadamard product of Λ  and ∆𝑅 , that is multiply the corresponding 

elements of Λ and ∆𝑅 as Equation (30). Then, we get the weighted RSSD ∆𝑅෨  by priority weight.  Λ ⊙ ∆𝑅 = [Λ௧ଵ∆𝑅௧ଵ Λ௧ଶ∆𝑅௧ଶ ⋯ Λ௧ே∆𝑅௧ே]் ≔ [∆𝑅෨௧ଵ ∆𝑅෨௧ଶ ⋯ ∆𝑅෨௧ே]் ≔ ∆𝑅෨, (30) 

where  ∆𝑅෨௧௜ = (𝜆௧௜ଵ |𝜑௧ଵ𝑟௧ଵ − 𝜑௜ଵ𝑟௜ଵ|, 𝜆௧௜ଶ |𝜑௧ଶ𝑟௧ଶ − 𝜑௜ଶ𝑟௜ଶ|, ⋯ , 𝜆௧௜ெ|𝜑௧ே𝑟௧ே − 𝜑௜ே𝑟௜ே|)(1 ≤ 𝑖 ≤ 𝑁), (31)
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Step 5. Calculate the FD of TP to each AP by Formula (10) to obtain an FD sequence 𝐷௧௙ and 
expressed by following Equation (32). 𝐷௧௙ = ൫𝑑௧ଵ௙ 𝑑௧ଶ௙ ⋯ 𝑑௧ே௙ ൯, (32)

where  

𝑑௧௜௙ = ඩ෍൫𝜆௧௜௞ ห𝜑௧௞𝑟௧௞ − 𝜑௜௞𝑟௜௞ห൯ଶெ
௞ୀଵ , (33)

Step6. Select the smallest K elements in sequence 𝐷௧௙ and calculate their weights according to 
Formula (22). Furthermore, according to Formula (21) to get the position of TP. 

In addition, in order to obtain the correlation and consistency between PD and FD in subsequent 
experiments, we need to calculate the PD of TP to each AP by Formula (9) to obtain an PD sequence 𝐷௧௣ and expressed as follows. 𝐷௧௣ = ൫𝑑௧ଵ௣ 𝑑௧ଶ௣ ⋯ 𝑑௧ே௣ ൯, (34)

where  𝑑௧௜௣ = ඥ(𝑥௧ − 𝑥௜)ଶ + (𝑦௧ − 𝑦௜)ଶ (35)

5. Simulation and Experiments 

In this section, we will evaluate the policies and algorithm proposed in this article by conducting 
some experiments in two scenes, that is simulation environments and real environments.  

In particular, our technology is suitable for having a large number of APs in both scenes and 
there are phenomena such as APs being damaged, malfunctioning, or removed, etc. 

5.1. Scenes Setup and Some Parameters Presets 

Firstly, the setups and some presets of simulation and real scenes are introduced, respectively. 

5.1.1. Introduce for Experimental Scene 

 Scene 1: simulation scene 
To simulate large-scale indoor space with rich APs, we simulated a 50 * 20 sized indoor area 

with 18 APs, and these APs are placed on grid points every 10 meters in the simulation area, which 
is depicted in Figure 7 (a). In our simulation process, RSS data are generated by ray tracing technology 
based on the LDPL model while considering wall reflection and noise indoors. Initially, we generated 
a simulation fingerprint dataset at position with an interval of 0.1m. Then we can get any offline 
fingerprint database from the dataset as needed. For example, an offline fingerprint database with an 
RPs interval of 1 m only needs to take values every 10 position points in the dataset, that is, 10 * 
0.1=1m, and so on. 

In our following simulation experiment, the offline fingerprint database is from the above 
fingerprints dataset by setting the RPs interval of the offline database to 1 m, that is there are 51*21 = 
1071 RPs in the simulation area. 
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(a) (b) 

Figure 7. Simulation scene of indoor localization. (a) Details of simulation area; (b) Random trace with 
100 TPs. 

In the online phase, we simulated a target moving in a 100 square meter room in the simulation 
area (see the red rectangle in Figure 7 (a)) and obtained a trace with 100 trajectory points, as well as 
RSS on each trajectory point, see Figure 7 (b). Meanwhile, we simulated two abnormal APs, one of 
which was removed or broken, and the other had a minor malfunction These 100 trajectory points 
are used as TPs for the indoor localization algorithm. In order to simulate people’s living habits, the 
movement trajectory moves in space within 1 meter of the boundary. 
 Scene 2: real library Scene 

The real experimental scene was on the second floor of the school library in Dalian University, 
and the plan of which is shown in Figure 8 (a). The central position of this floor is the vacant part on 
the first floor, surrounded by an open bookshelf reading area, including a large number of open 
bookshelves and reading tables and chairs. The experiment area is located on the north side of the 
floor with about 1200m2, in the red rectangle area of Figure 8 (a), and Figure 8 (b) is the enlarged 
experiment area, as can be seen, there are 261 RPs at an interval of 2m. In addition, there are a total 
of 83 APs that can work in the experimental area. 

 

 

 
(a) (b) 

Figure 8. Real Scene of Indoor Localization. (a) The plan of the second floor in the school library. (b) 
Real experiment area with APs. 

In the offline phase, we used HUAWEI P9 smartphone to sample RSS from 83 APs to build a 
fingerprint database. In the online phase, to reduce the workload of data sampling, we randomly 
selected 50 points from these 261 to be TPs and set 8 abnormal APs with 4 APs removed or 
breakdowns and 4 APs with slight abnormality. 
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Overall, in order to have a clearer understanding of the two scenes, the setups for both scenes 
are shown in Table 1. 

Table 1. Setups for Two Scene. 

Scene
s 

Sample  
Dimension

s 

Experiment  
Dimension

s 

Numbe
r 

of APs 

APs’ 
Positions 

Abnorma
l APs 

Numbe
r of TPs 

Scene 
1 

50m*50m 10m*10m 18 Grid Points 
/10m 

2 
100 

Scene 
2 

1200m2 1200m2 83 
unknow

n 
8 

50 

5.1.2. Parameters Presetting 

In the proposed algorithm, many parameters need to be set to experiment. Here, considering the 
environments of two scenes, the parameters are determined based on depending on experience or 
specific conditions respectively, as listed in Table 2.  

Table 2. Presets for Parameters in the experiment. 

Parameters Scene 1 Scene 2 
Path loss exponent 𝑛 2 / 
Reference distance 𝑑଴ 1 / 

Power at 𝑑଴ -39 / 
Parameters 𝑟଴, 𝑎, 𝑐in impact factor -55,3.4,4.288 -55,3.4,4.288 

Threshold ℛ  -70 -90 
Fluctuating quantity Φ 3 5 

Due to the RSS being sampled directly in the real scene, the first three parameters are not 
required to be set. 

5.2. Simulation and Analysis 

Aiming to measure whether the proposed policies can improve the whole discrimination 
capability of FD to PD, we conducted some experiments to verify the correlation and consistency 
changes between FD and PD before and after using FDDC-WKNN. For the simulation environment, 
we first verified the effect of proposed policies on the discrimination capability of FD to PD. Then, 
for a random trace with 100 positions, we find the optimal value of K, and with the optimal K, we 
simulate the localization positions and derive the CDF curves to demonstrate the localization 
performance. 

For the real scene in the Dalian University library, we also find the optimal value of K for 50 
random TPs, and with the optimal K, we gain the localization results similarly. 

5.2.1. Discrimination Capability of FD to PD 

By calculating PD sequence 𝐷௧௣  by Equation (35) and FD sequence 𝐷௧௙  by Equation (35) 
between 100 TPs and 81 RPs in the localization area, we gain the correlation coefficient and 
consistency coefficient between each TP and RPs. From the results shown in Figure 9, we can see that 
both the correlation coefficient and the consistency coefficient are greatly improved. After 
implementing the policies proposed in this article, strong correlation increased from 0 to 76%, and 
consistency increased from 26% to 99%, which indicates the discrimination capability of FD to PD 
has been greatly improved. 
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(a) (b) 

Figure 9. Correlation and Consistency between PD and FD. (a) Correlation coefficient before and after 
using the proposed policies. (b) Consistency coefficient before and after using the proposed policies. 

To further examine the impact of abnormal AP on FDs’ discrimination Capability, we repeated 
the experiment of calculating 𝐷௧௣  and 𝐷௧௙  under diverse abnormal AP conditions to obtain the 
correlation coefficient and consistency coefficient between PD and FD. For clarity, the experimental 
conditions are recorded as following situations, and the results before and after implementing 
FDDC_WKNN are displayed in Table 2.  

Ⅰ: All APs are in a normal state 
Ⅱ: There is one slight abnormality AP  
Ⅲ: There is one complete failure AP 

Table 2. Correlation and consistency between PD and FD before and after implementing the proposed 
policies. 

 Ⅰ Ⅱ Ⅲ Ⅱ&Ⅲ 
Strong Correlation 16% 91% 16% 89% 0 78% 0 76% 
High Consistency 72% 99% 78% 99% 27% 99% 26% 99% 

From the results in Table 2, it can be seen that the presence of completely failed APs in the 
localization area has the greatest impact on the correlation and consistency between FD and PD. 
Moreover, regardless of the conditions, the policies proposed in this article have improved the 
correlation and consistency between FD and PD to varying degrees. 

5.2.2. Setting of K 

In the same conditions of localization area, different K values in FDDC-WKNN can lead to 
different localization accuracy. We assumed that the K value with the lowest average errors is optimal. 
The optimal K value is usually not fixed and varies depending on the environment. We compared 
the average Errors under different K values for both simulation and real scenes to obtain the 
corresponding optimal K value. 

As shown in Figure 10, the optimal K value is 7 in the simulation scene and 6 in the real scene. 
However, we found that the average localization errors did not change significantly with different K 
values, as our policies have greatly improved the FD’s capability to discriminate PD, thereby 
reducing the impact of K value changes. 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 January 2024                   doi:10.20944/preprints202401.1075.v1

https://doi.org/10.20944/preprints202401.1075.v1


 17 

 

 

(a) (b) 

Figure 10. Average localization errors under different K. (a) In simulation scene. (b) In the real library 
scene. 

5.2.3. Localization Examination by FDDC-WKNN under the Optimal K 

For 𝐾 = 7 in the simulation scene with 100 TPs and 𝐾 = 6 in the real library scene with 50 TPs, 
we apply the FDDC-WKNN algorithm, and the localization results are demonstrated in Figure 11 
and Figure 12, respectively. 

  
(a) (b) 

Figure 11. Localization results applying FDDC-WKNN for simulation scene with 100 TPs. (a) The 
original position and localization results of TPs. (b) Localization errors of each TP. 

In the simulation scene, before using FDDC-WKNN algorithm, due to the influence of abnormal 
APs, the localization errors were large and fluctuated greatly. Based on the FDDC-WKNN algorithm, 
it can be seen from Figure 11 (b) that the localization errors have significantly decreased and are 
basically stable.  

(a) (b) 
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Figure 12. Localization results applying FDDC-WKNN for the real library scene with 50 TPs. (a) The 
original position and localization results of TPs. (b) Localization errors of each TP. 

In the real library scene, the localization results are basically consistent with the simulation 
scene, see Figure 12, but due to the complexity and variability of the real environment, the localization 
errors are larger and the error fluctuation is also greater. Moreover, Figure 13 presents a comparison 
of the CDF of WKNN and FDDC-KNN, it is evident that FDDC-WKNN outperforms WKNN. 

(a) (b) 

Figure 13. CDF of localization errors for WKNN and FDDC-WKNN. (a) In the simulation scene. (b) 
In the real library scene. 

In summary, we have examined the WKNN algorithm based on the improving FDs’ 
discrimination capability proposed in this article through multi-directional experiments. All 
experimental results indicate that the proposed approach can improve FD’s capability to discriminate 
PD in environments with abnormal APs, thereby reducing localization errors and improving 
localization accuracy. In addition, the proposed algorithm performs stably in the presence of 
interference in the environment, proving its robustness. 

6. Conclusions 

In this article, by defining a threshold, a correct quantity, and a priority weight, the capability of 
FD to discriminate PD is greatly improved for complexity and AP-rich indoor environments. 
Furthermore, combined with WKNN, a new indoor fingerprint localization technique referred to as 
FDDC-WKNN was provided. FDDC-WKNN algorithm is particularly suitable for indoor scenarios 
with uncontrollable APs and has a stable localization performance. 

The discrimination capability of FD to PD is the key foundation for most indoor localization 
methods based on FD. Next, the algorithm will be implemented, verified, and improved in the indoor 
localization process. Also, improving the accuracy of localization with the other various intelligent 
algorithms and auxiliary facilities, studying different strategies based on various environment 
requirements and so on are the future study directions. 
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