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Abstract—There are various methods for indoor 
positioning, but achieving precise accuracy in the presence 
of signal variations caused by diverse factors in indoor 
spaces is challenging. Robust indoor positioning methods 
are required to handle irregular and unpredictable signal 
changes. In this paper, we propose a statistical approach to 
indoor positioning, aiming to provide robustness against 
signal variations. 
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I. INTRODUCTION 
 The importance and necessity of precise positioning for 
various applications have been continuously increasing. Various 
technologies are being developed to estimate the user's current 
point. For outdoor environments, positioning using Global 
Navigation Satellite System (GNSS) signals is available.[1] 
However, in indoor environments like underground areas, 
tunnels, and buildings, GNSS signals are not accessible, leading 
to radio shadow area, and alternative methods for positioning 
need to be explored.[2] 

 In indoor environments, it is possible to perform positioning 
using different wireless signals. The representative ones are Wi-
Fi and Bluetooth Low Energy (BLE), which are already 
established for other purposes, resulting in low implementation 
costs. And there exist various methods for constructing systems 
using these signals and conducting similarity comparisons. And 
there exist various methods for building systems and performing 
similarity comparisons using these signals. For instance, many 
studies have been conducted to build databases for 
fingerprinting or trilateration, and to perform similarity 
comparisons using machine learning algorithms such as k-
Nearest Neighbor and Random Forest.[3][4] Among the Indoor 
Positioning Systems (IPS) that utilize these wireless signals, 
fingerprint-based techniques are widely used for signal-based 
positioning. Fingerprint-based IPS requires similarity search. 
However, during the similarity search process, there may be 
errors that degrade the accuracy of positioning due to the 
presence of data containing variations in each signal.[5] 
Therefore, a similarity search method that is robust to such 
signal variations is needed. In this paper introduces a robust 

indoor signal positioning method using Wi-Fi signal strength to 
address the challenges posed by signal variations. 

II. OVERVIEW OF FINGERPRINT PROCESS AND LIMITATIONS 
OF EXISTING WORKS 

 Fingerprint-based indoor positioning involves collecting 
wireless signal information such as Wi-Fi or Bluetooth Low 
Energy (BLE) as possible points and storing it in a database 
(DB). When positioning, the method involves comparing the 
signal information collected at the current point with the stored 
signal information for each possible point in the DB.[6] The 
similarity search utilizes the Received Signal Strength Indicator 
(RSSI) of each Access Point (AP) stored in signal information. 

 
Figure 1.  Indoor Positioning System based on Fingerprinting[7] 

 When collecting the signal information to construct the 
fingerprint DB, there are variations in signal strength caused by 
various reasons, such as existence of moving objects and 
temporal changes of the transmission power. Figure 2 shows the 
signal variations between the minimum and maximum values at 
each point. The x-axis represents a specific point, while the y-
axis represents the RSSI values acquired at the point. Existing 
researches using Wi-Fi or BLE signals as resources for the 
positioning do not consider such signal variations, potentially 
resulting in reduced positioning accuracy at points.[8][9]  
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Figure 2.  The Minimum and Maximum values of RSSI for a specific AP 

III. STATISTICAL APPROACH FOR ROBUST SIMILARITY 
CALCULATION AGAINST VARIATIONS OF RSSI 

 To compare RSSI values against variations, this paper 
makes two assumptions: 1) The changes in Wi-Fi signals with 
specific MAC addresses follow a normal distribution, and 2) the 
standard deviation is a good measure of the signal variations. In 
addition, to consider the possible non-linear relation on the 
difference between RSSIμ(X) and RSSIcur, we use the area of 
the standard normal distribution function as a factor of the 
comparison between two RSSI values. 

TABLE I.  BASIC NOTATIONS FOR RSSI AND SIMILARITIES 

Notation Definition and description 

RSSIcur 
The RSSI of a specific Wi-Fi AP scanned by the user's 
device trying to determine the point X. 

RSSIμ(X) The average RSSI of a specific Wi-Fi AP built in the 
fingerprint database for point X. 

RSSIσ(X) The standard deviation RSSI of a specific Wi-Fi AP 
built in the fingerprint database for point X. 

RSSIcur-σ(X) 

RSSIμ(X) + | RSSIμ(X) - RSSIcur | / RSSIσ(X),  
where  ≥ RSSIμ(X), 

RSSIμ(X) - | RSSIμ(X) - RSSIcur | / RSSIσ(X),  
where  < RSSIμ(X), 

RSSIcur-pdf(X) 

 
 , where  ≥ RSSIμ(X), 

 
 , where  < RSSIμ(X), 

where the pdf is the normal distribution on RSSIs of a 
specific Wi-Fi AP at a point X 

 
 Table 1 summarizes important notations with the definition 
and descriptions, which are used for the robust positioning 
against the signal variations, suggested in this paper. According 
to the second assumption mentioned earlier, instead of 
comparing two simple RSSI values, we compare the adjusted 
RSSI values based on the standard deviation (RSSIcur-σ(X)). In 
addition, to put a non-linear relation on the amount of difference 
between RSSIμ(X) and RSSIcur, the standard probability  

 
Figure 3.  Definition of RSSIcur-pdf(X) 

distribution function (PDF) values are used as shown in Figure 
3 (RSSIcur-pdf(X)).  

 Table 2 shows examples of the calculated differences using 
RSSIμ and RSSIσ at Point 1, 2 and 3, presented in figure 2. As 
shown, As shown, compared to | RSSIμ(X) - RSSIcur |, | 
RSSIμ(X) - RSSIcur-σ | shows lower differences in signal strength. 
In points with high standard deviation, even if the difference 
values are high, dividing by the standard deviation can narrow 
down the differences. Therefore, by incorporating the standard 
deviation, this method allows for stable utilization of signal 
strength values with significant variations. 

TABLE II.  EXAMPLES OF DIFFERENCES WHEN RSSICUR = -76 

Point | RSSIμ(X) - RSSIcur | | RSSIμ(X) - RSSIcur-σ | 

1 
RSSIμ -75 

1 0.2496 
RSSIσ 4.0069 

2 
RSSIμ -81 

5 2.3736 
RSSIσ 2.1065 

3 
RSSIμ -81 

5 1.3623 
RSSIσ 3.6703 

 

 Based on the examples in Table 2, it can be observed that 
the difference values reflecting the standard deviation are 
smaller than the typical difference values between RSSIμ and 
RSSIcur. Therefore, the method incorporating standard 
deviation exhibits greater robustness to variations in signal 
strength. 

 In general, in one point, there are multiple Wi-Fi APs 
present. Therefore, the positioning using the Wi-Fi fingerprint 
database involves comparing multiple RSSI values to determine 
the position. For the comparison in this paper, the cosine 
similarity is used on the common Wi-Fi sets between 
fingerprint DB and currently scanned one, because it is one of 
the most widely used similarity measure.[10] 

  ,      ∙  
|||| |||| 

(1) 

ℎ 
              μX 
                or RSSI   

 In this paper, indoor positioning robust to signal variations 
is implemented using RSSIcur-σ(X) and RSSIcur-pdf(X), as defined 
in Table 1, along with cosine similarity.[11] The implemented 
methods for comparison and analysis are summarized in Table 
3. 

TABLE III.  IMPLEMENTED POSITIONING METHODS USING  
COSINE SIMILARITY  

Method Description 
SIMcos(X) Cosine Similarity between RSSIμ(X) and RSSIcur 
SIMcos-σ(X) Cosine Similarity between RSSIμ(X) and RSSIcur-σ(X) 
SIMcos-cdf(X) Cosine Similarity between 0.5 and RSSIcur-pdf(X) 
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IV. EXPERIMENT AND ANALYSIS 

A. Test Environment and implementation 
 The signal was collected and the positioning experiment 
was conducted in the No.12 building of the Electronics and 
Telecommunications Research Institute (ETRI). We have 
developed a signal collection and positioning app to run on 
Android devices. The app was implemented in Java and tested 
on a Galaxy S21+. We collected data from 7 different locations, 
each with 20 data points, and used this data to build the 
fingerprint database. We calculated the average, standard 
deviation, and other relevant metrics from this data, which are 
used for positioning.  

 
Figure 4.  Map of the test site and Positoning Device 

B. Experimental Result and Analysis 
Figure 5 shows the distance error graph between the actual 

positions and the estimated positions based on cosine similarity 
results. The probability distribution function-based cosine 
similarity does not necessarily exhibit the best accuracy at all 
points. However, compared to the other two methods that 
particularly show poor accuracy at points 4 and 6, the 
probability distribution method demonstrates better accuracy. 
As evident in Figure 2 at Point 1 and Point 3, points with 
significant signal variations impact the accuracy of positioning, 
but the probability distribution method shows greater 
robustness to signal variations. 

 
Figure 5.  Indoor Positioning Distance Error Graph 

V. CONCLUSION AND FUTURE WORK 
 In this paper presents a statistical approach for RSSI-based 
indoor positioning and explains the process in detail. The newly 
introduced method, incorporating standard deviation into the 
existing approach, demonstrates improved positioning accuracy, 
particularly in areas with significant signal variations. Such 
areas indicate signal instability due to various factors, and the 
statistical approach proves to be more effective in such regions.  

 Future research will explore and compare different 
distributions beyond the normal distribution and attempt to 
apply the approach to other signal values such as BLE, Long 
Term Evolution (LTE), etc. Moreover, we can also try using 
larger datasets from wider areas to make the method more 
scalable. 
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