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 WiFi-based indoor positioning is widely exploited thanks to the existing 

WiFi infrastructure in buildings and built-in sensors in smartphones. The 

techniques for indoor positioning require the high-density training data to 

archive high accuracy with high computation complexity. In this paper, the 

approach for indoor positioning systems which is called the maximum 

convergence algorithm is proposed to find the accurate location by the 

strongest receiver signal in the small cluster and K nearest neighbours (KNN) 

of other clusters. Also, the K-mean clustering is deployed for each access 

point to reduce the computation complexity of the offline databases. 

Moreover, the pedestrian dead reckoning (PDR) method and Kalman filter 

with the information from the received signal strength (RSS) and inertial 

sensors are applied to the WiFi fingerprinting to increase the efficiency of the 

mobile object's position. The different experiments are performed to compare 

the proposed algorithm with the others using KNN and PDR. The 

recommended framework demonstrates significant proceed based on the 

results. The average precision of this system can be lower than 1.02 meters 

when testing in the laboratory environment with an area of 7x7 m using three 

access points. 
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1. INTRODUCTION 

For tracking people or objects' location in indoor environments, a  network of devices is suggested 

which is known as an indoor positioning system (IPS). There is a variety of field exploits this technology for 

supervising the health, position guiding in universities, museums, airports, hospitals, and warehouses. 

Because the global positioning system (GPS) is lacking precision or crashing in indoor circumstances, many 

approaches to indoor positioning technologies have been suggested including ultrasound [1], ultra wide band 

(UWB) [2], wireless fidelity (WiFi) [3], bluetooth low energy (BLE) [4], radio frequency identification tags 

(RFID) [5], visible LED light [6], [7], FM radio signals [8], pedestrian dead reckoning (PDR) [9]. Among 

them, WiFi technology is standing out as an general approach for indoor navigation and positioning due to 

available WiFi infrastructures situated almost everywhere. 

Wireless indoor positioning has two approaches: geometrical-calculation based and fingerprinting 

based (or scene-analysis based) [10]. The former approach relies on measurement of geometrical parameters 

https://creativecommons.org/licenses/by-sa/4.0/
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(i.e. distance, angle) by using a variety of radio signals physical characteristics, such as time of arrival (TOA) [11], 

angle of arrival (AOA) [12], time difference of arrival (TDOA) [13], received signal strength (RSS) [14]. AOA, 

TOA, or TDOA techniques can achieve high localization accuracy with less than 1-meter error. Nevertheless, 

they are complicated to synchronize between transmitters and receivers [15]. RSS is the parameter used in 

most of these studies, however, achieving robustness and accuracy is a challenge for most of these studies 

because various factors of indoor environment such as shadowing, reflection, scattering, and refraction can 

affect the radio signal. 

Fingerprinting is a positioning method using scene analysis [16]. This approach can instantly exploit 

available infrastructures to evaluate the user's location at an affordable price. WiFi fingerprinting technique 

takes advantage of the similarities between the RSS. It is usually conducted in two phases [16]: Offline phase 

and online phase. During the offline phase, the “radio map” is set up with observed RSSs of all the discovery 

WiFi Signals from distinct access points (APs) at many reference points (RPs) of spotted locations and stored 

in the database. In term of online phase, a mobile device (or target) measures the RSS vector from available 

APs and estimates its position by using the fingerprinting database and positioning algorithms. Rely on the 

available information contained in the database regarding the “radio map”, several results have been given to 

exhibit the indoor positioning system. The deterministic approaches usually estimate the position based on 

the closest RSS in the pre-stored radio map with currently observed measurements. The typical algorithms 

for this approach are K-nearest neighborhood (KNN) [17], nearest-neighbour [18], weight k-nearest 

neighborhood [19], and median filtering [20]. Euclidean distance is regularly applied to calculate the 

minimum distance between the supervise RSA and the mean of the fingerprints collected in deterministic 

approaches. The major drawbacks of the fingerprinting method are the heavy training coverage and the poor 

extrapolation to areas not covered during training [21]. This method requires a large expenditure of labor to 

create remarkably fingerprinting databases in the offline phase [15], [22]. The parameters of the path loss 

model which are linked with each access point can not entirely clear up this problem [23]. In the online 

phase, the currently supervise RSS compare to all RSS in the fingerprinting database. Then the spot 

associated with the best RSS pattern is chosen as the predicted location of the object. The huge amount of 

locations in the fingerprinting trained database can help better positioning accuracy, but the searching 

overhead in this phase is increased [24]. To deal with data size reduction in the fingerprinting database, 

several researchers have proposed some clustering techniques to separate the larger set of training data into 

small groups of minor subsets as clusters to decrease the searching time [23]-[26]. In this work, the path loss 

model and clustering-based techniques are deployed to compute cost. 

PDR is a generally used approach to adopt for localization [27], [28]. This method utilizes inertial 

sensors to approximate the movement of pedestrians relative to their prior location. Currently, step counting 

is the main solution to detect the walking pathway and the pedestrian's movement [27]. A problem with this 

method is that the inertial sensors in smartphones sometimes are imperfectly calibrated and noisily measured [18]. 

Therefore, when a person moves a long distance the determined spot of PDR is regularly drifted. However, 

the drift problem of PDR can be solved to gain high precision by coordinated WiFi fingerprint-based indoor 

localization modes. The cooperative technologies in wireless communication [29, 30] and emerging different 

technologies are receiving increasing attention. The combination of spatial and temporal network localization 

and navigation can significantly enhance the localization efficiency [31]. In [32], the cooperative fingerprint-

based algorithm utilizes the WiFi RSS database and the pairwise distance measurements by mobile users for 

multiple location estimations simultaneously. However, the approach using a combination of spatial and 

temporal can take associated costs which may combine additional communication and complicated 

algorithms over the network [31]. Previous research works [5], [17], [33], [34] primarily paid attention to 

applying a particle filter, which is extremely time-consuming and incompatible for real-time applications. 

Therefore, a Kalman filter can be deployed to solve this fusion problem effectively [9]. 

Although a lot of researches has been accomplished in this field, some essential problems still need 

to be explored and resolved to enhance effectiveness and accuracy. In order to take the advantage of previous 

researches, in this case, we proposed a new algorithm for PDR and a WiFi fingerprinting approach as 

displayed in Figure 1 and fingerprinting based (or scene-analysis based) [10]. The proposed scheme focus on 

gaining location efficiency and accuracy by a number of novel approaches: 

 The Path-loss model is adopted for WiFi fingerprinting techniques are applied to reduce the time needed 

for data training. 

 In the large space with several reference points (RPs), the fingerprint database can be large.  To narrow 

the search space and improve computation efficiency, a K-mean clustering using an Euclidean 

distanceis adopted. 

 The maximum convergence method is proposed to reduce the fluctuation of the RSS because it relies on 

the strongest access point of the clusters in the offline databases. That improves the location accuracy of 

WiFi fingerprinting. 
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 The fusing method between WiFi fingerprinting and PDR using Kalman filter to assess the user's 

position by real-time RSS measurements. This combination makes the indoor positioning system 

capable to archive high efficiency and robustness. 

The remaining part of the paper is structured as follows: Section 2 represents the proposed method. 

Section 3 consists of the experimental setup and results. Lastly, conclusions are given in Section 4. 

 

 

 
 

Figure 1. A proposed WiFi indoor positioning system 

 

 

2. METHOD 

In this part of the research, the WiFi fingerprinting method using maximum convergence algorithm 

is proposed. And, the hybrid algorithm which are combination of the maximum convergence algorithm and 

PDR using Kalman filter is presented. 

 

2.1.  WiFi fingerprinting using nearest neighbor clustering 

The fingerprinting method requires intensive training data to obtain high exactness. However, 

collecting data is labour-intensive. In order to reduce this factor, in this paper, the propagation signal model 

in (1) is deployed to analyze the collected RSS data and the position of WiFi access points to construct “radio 

map” in thedatabase. During the offline phase, the path loss model is applied to train the database. Then,  

K-mean clustering isto classify these “radio map”. In the online phase, the user’s location is determined by 

the maximum convergence algorithm. 

 

2.1.1. Path loss model 

In the offline phase of the fingerprinting technique, RSS samples are gathered at various known 

areas from different access points and distances are determined from the realized location to access points. 

These RSS values and distances are applied to fit the signal propagation model. Also, the relationship 

between the signal and the distance is derived by (1) in [22]. 

 

𝑃 = 𝑃0 − 10𝛾𝑙𝑜𝑔 (
𝑑

𝑑0
) (1) 

 

Where 𝑃 is the signal strength value which is shown as a logarithm, 𝑃0 represents the signal strength value 

under the condition that the distance between the receiver and sender equals reference distance d0, and γ 

represents the path fading index. Based on that equation, the distance 𝑑𝑖 for each access point i is identified 

by the (2). 

 

𝑑𝑖 = 10
𝑃(𝑑𝑖)−𝑃(𝑑0)

10𝛾  (2) 
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Path-loss exponent γ, 𝑑0, and 𝑃(𝑑0) have been collected from the environments. Each reference 

point can be collected by mean RSS at a fixed position as equation. 

 

𝑟𝑘
𝑖 =

1

𝑇
∑ (𝑅𝑆𝑆𝑘

𝑖 )𝑇
𝑘=1  (3) 

 

Where, 𝑟𝑘
𝑖  is average RSS values with 𝑇 samples from access point i. From the collected RSS, we can choose 

the best-fit parameters for (2). Figure 2 displays the correlation between RSS and distance values after 

conducting the training phase. 

From this model, instead of measuring all points for training parameters, we collect RSS at some 

reference points and determine the correlation between RSS and distance by using the predicted parameters 

of the path loss model. Then, the radio map of fingerprinting has been built based on the map information of 

each area, even at sparse points. Consequently, this method can reduce time-consuming in the offline phase. 

 

2.1.2. Clustering approaches in fingerprinting 
After building the radio map, we implement a K-mean clustering method on RSSI vectors to 

partition the whole survey site into smaller regions. Physically close RPs usually have similar vectors and 

thus they are clustered into the same group. The Euclidean distance is used in 2D coordinates to estimate the 

similarity among RSS signals. 

Donate the cluster 𝑚 as 𝐶𝑚. We implement the K-means clustering in order to minimize the 

within-cluster sum of dissimilarity of K clusters, i.e. 

 

𝑚𝑖𝑛
𝐶𝑚

∑ ∑ 𝑠𝑖𝑚(𝑟𝑖 , 𝜇𝑚)𝑟𝑖∈𝐶𝑚
𝐾
𝑚=1  (4) 

 

where µ represents the mean of the vectors within the cluster m, and 𝑠𝑖𝑚(𝑟𝑖 , μ𝑚) is the similarity of two vectors. 

The follow diagram of K-mean clustering for RSS vectors as Figure 3. All RPs are then partitioned into 

several smaller regions. 

 

 

  
 

Figure 2. The correlation between RSS and distance 

using the fit parameters for the propagation model of 

an access point 

 

Figure 3. K-mean follow diagram for RSS vectors 

 

 

2.1.3. The maximum convergence algorithm in the online phase 
After clusters of offline fingerprinting are obtained to distinguish among RSSs which are also have 

different distances for each AP, we try to find the convergent points of all clusters, and then compute the 

estimated position based on these points. The process of proposed algorithm on the online phase is described 

in the following steps: 

Input: A set of RSS measurements is collected from N APs. By using the trained database, each AP has its 

own cluster. Cluster is a set of points that are determined by the RSS values. 
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Step 1: Based on the currently observed RSS measurements in online phase, the clusters are detected in 

stored database by computing the Euclidean distance between the RSSs and centroids of each cluster. Then, 

the closest cluster of each AP that is measurable at the same moment is chosen. 

Step 2: When object positioning by WiFi is estimated, the closer it is, the more reliable the RSS data 

will be. As the path loss model in Figure 2, the number of RSS points in each cluster is proportional to the 

distance. Search the cluster that has the smallest number of RSS points as (5). 

 

𝑆 = {(𝑥, 𝑦) ∣ (𝑥, 𝑦) ∈ 𝐶𝑘 ∩ 𝑘 = 𝑎𝑟𝑔𝑚𝑖𝑛(𝐶𝑘
̅̅ ̅)}, 𝑘 = {1: 𝑁} (5) 

 

where N represents the number of setup APs in the indoor positioning system, and 𝐶𝑘
̅̅ ̅ is the number of spots 

in the cluster of the kth AP. 

Step 3: With every point i of the set S, find the set 𝑄𝑖  of N - 1 points respectively in the remained APs at 

which it is closest. 

 

Q𝑖 = {(𝑥𝑘 , 𝑦𝑘) ∣ (𝑥𝑘 , 𝑦𝑘) = 𝑎𝑟𝑔 𝑚𝑖𝑛(||(𝑥𝑖 − 𝑥𝑘 , 𝑦𝑖 − 𝑦𝑘)||), {𝑘 = (1, … 𝑁) ∩ 𝑘 ≠ 𝑠}, (𝑥𝑖 , 𝑦𝑖) ∈ 𝑆} (6) 

 

where 𝑠 is the AP which has the set of clusters 𝑆, 𝑠 ∈ [1: 𝑁].  
Step 4: In the set of 𝑄𝑖 , find out the set 𝑄𝑝 which has the maximum convergence of RSS points by; 

 

𝑄𝑝 = { (𝑥𝑖𝑘 , 𝑦𝑖𝑘) ∣∣ (𝑎𝑟𝑔 𝑚𝑖𝑛 ∑ ∑ ||𝑥𝑖𝑘
𝑁
𝑛=𝑘

𝑁−1
𝑘=1 − 𝑦𝑖𝑘 , 𝑦𝑖𝑘 − 𝑦𝑖𝑛||) } (7) 

 

where 𝑖 = 1: 𝐶�̅�, 𝐶�̅� = 𝑚𝑖𝑛(𝐶𝑘
̅̅ ̅) , 𝑘 ∈ [1: 𝑁] 

Step 5: Compute the center of a polygon which is created by N points in set 𝑄𝑝 as (8). 

 

(𝑥, 𝑦) = 𝑎𝑟𝑔 𝑚𝑖𝑛 ∑ ||𝑥𝑁
𝑘=1 − 𝑥𝑘 , 𝑦 − 𝑦𝑘|| (8) 

 

Output: The estimated position is the coordinate of the user after step 5. 

 

2.2.  Hybrid algorithm 

The RSS signal are often fluctuated in indoor environments and thus we need to use the extra 

information from built-in sensors in smartphones to improve the performance. Besides, the time delay to get 

RSS measurements is significant. The RSS values are updated every 2 seconds when we conduct our 

experiment. It points out that if pedestrians move rapidly, the indoor positioning system using only WiFi can 

get low responding in real-time navigation. In contrast, PDR can afford a high position efficiency in a small 

area, then slowly drifts walking distance. These drifts can be modified by position from WiFi fingerprinting. 

In this supposed method, we combine the value reaching from WiFi fingerprinting by using a Kalman filter 

based fusion algorithm. 

 

2.2.1. Pedestrian dead reckoning 

PDR technique determines the movement of a person by estimating stride lengths, tracking steps, 

and the directions of motions by using utilizes inertial measurement units (IMU). An IMU, which is available 

in a large number of the smartphone, use a combination of accelerometers, gyroscopes, and magnetometers. 

PDR calculates the after location using the prior location, walking direction, and step length as (9). 

 

𝑥𝑘 = 𝑥𝑘−1 + 𝐿𝑘 [
𝑐𝑜𝑠(𝜃𝑘)

𝑠𝑖𝑛(𝜃𝑘)
] (9) 

 

At step K the parameters include xk is the device state, Lk is the step length, and θk is the direction. 

Some calculations are performed to estimate step length, step tracking, and direction of the user. 

 Step detection: This factor is calculated by using accelerometers [9], [34] or gyroscopes. In this work, 

we apply the techniques in [27], [33], which uses normalized auto-correlation based step counting with 

an accelerometer. 

 Stride length (SL) Estimation: When the person is walking, the moving distance is characterized by the 

SL at every detected step. The SL can be considered as an unchanged value [17], [34]. Nevertheless, it 

mainly depends on the walking person, such as the legs length, frequency as well as speed while 

walking. In order to achieve more accuracy, in our research, we apply the technique recommended by 

Weinberg using the PDR technique [27] for dynamic walking. 
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 Walking direction estimation: For following the user’s path in PDR, the pedestrian walking direction is 

the most important factor. It is calculated from gyroscopes and magnetometers which are orientation 

sensors. The compass computes the phone orientation relative to the perceived magnetic north [33]. In 

this paper, the angle between the smartphone pointing direction and the geographical north is calculated 

from measurements of magnetometers and gyroscopes. 
 

2.2.2. Kalman filter 

The potential sensor fusion techniques for WiFi and PDR approaches include the particle  

filter [5], [17], [33], Kalman filter [9], in a practical environment, constant updating current location is 

essential to meet the user need. For this reason, the system should be launched on smartphones devices with a 

light computation algorithm. In this work, instead of using a particle filter, the Kalman filter can be applied. 

Based on PRD method from the (9), the state transition function of the sensor fusion framework is shown as (10). 

 

𝑥𝑘 = 𝐹𝑥𝑘−1 + 𝐺𝑑𝑘 + 𝑣𝑘 (10) 

 

With measurement z that is; 

 

𝑍𝑘 = 𝐻𝑥𝑘 + 𝑤𝑘 (11) 

 

where F, G indicates identity matrices; vk, wk is the process and measurement noise at the time step k, 

respectively. These parameters are required to be independent and have normal probability distributions. 

 

vk = N(0, Q) (12) 

 

𝑤𝑘 = 𝑁(0, 𝑅) (13) 

 

where 𝑄, R is the process noise covariance and measurement noise covariance matrices, respectively. 

The Kalman filter is the solution for the linear problem with the assumption of Gaussian noises. The 

algorithm consists of two phases: prediction and observation phases [9]. The WiFi estimations are updated 

every 1 second to synchronize these phases. In our experiments, the measurement noise covariance and 

process noise covariance matrix are chosen based on the estimated location errors of WiFi and PDR methods 

as (14), (15). 

 

R = [
2 0
0 2

] (14) 

 

Q = [
0.1 0
0 0.1

] (15) 

 

In the application for the pedestrian, a movement can be changed unpredictably. Therefore, the 

Kalman filter will be updated based on step detection. While a pedestrian is moving, Kalman filter will be 

updated regularly in two phases. The prediction phases relied on the stride length and walking direction 

estimation. In the observation phase, different parameters will be updated according to WiFi estimation 

results. When pedestrian is standing, a Median filter will be applied to update the user’s locations. 

 

 

3. EXPERIMENTAL RESULTS 

In this part of the research, we assess the performance of our proposed algorithm in two distinct test-

beds. In the experiment, we evaluate the effectiveness of different WiFi techniques (Trilateration [22] and 

KNN in [17]) and compare the effectiveness of the suggested algorithm with WiFi fingerprinting and PDR, 

respectively. 

 

3.1.  Experimental setup 

A 7×7 m laboratory was chosen to assess the first test-best. We installed three WiFi access points 

which can broadcast every 500 miliseconds. A Samsung SG-G395F smartphone device is utilized to set up 

an application that collects the training positions as testing data. In the room, the training data was 

established 1.0 meters away from others as the Figure 4. The second test-bed was along the corridors of the 

with size 35.1×19.5 m. The training data was set up 2.0 meters away along the corridors. A data-logging 

smartphone application collects values of the gyroscope and accelerometer as well as RSS while the user was 
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moving on a certain trajectory. After that, a CSV file stores the collected data which serving for experimental 

assessment. The IPS architecture was illustrated in Figure 5. An application on smartphone access to the 

server using a specific account. The RSS is measured via the smartphone then sent to the server. 

 

 

 
 

Figure 4. The training map for test-best 1 in the 

laboratory 

 
 

Figure 5. The indoor positioning architecture for the 

application 

 

 

3.2.  Experimental evaluation 

Our framework uses two metrics for assessment, which are: 

 Exactness: use the root mean square errors of the determined location and real position. 

 

error𝑖 = √(𝑥 − �̂�𝑖)2 + (𝑦 − �̂�𝑖)
2 (16) 

 

where (𝑥, 𝑦) represents for the true physical position, and (�̂�𝑖 , �̂�𝑖) represents the estimated position. 

 

𝑎𝑣𝑒𝑟 =
1

𝑛
∑ error𝑖

𝑛
𝑖=1  (17) 

 

where n is the number of test points. 

 Precision: it is represented the consistency of the system works, i.e. the robustness of position 

techniques. To calculate the system precision [18], a cumulative probability function (CDF) of the 

distance error is applied. 

 

3.2.1. Test-bed 1: Evaluation of the maximum convergence algorithm for WiFi fingerprint 

A map illustrates our laboratory is used to experiment with a set of trained points. Grids with 

1mx1m spacing are used for the distribution of 43 samples of data spatially. The consequences of three 

experiments with 22 testing samples are displayed in Table 1. The mean error of the maximum convergence 

method is 1.18 m which is lower than the KNN and Trilateration method at 1.86 m and 1.74 m, respectively. 

Furthermore, the probability of position error confidence within 80% is about 1.4 m for the proposed WiFi 

method, as shown in Figure 6(a). That is much better than KNN and Trilateration about 3.4 m and 2.7 m, 

respectively. These results show that the maximum convergence method is able to reduce the fluctuations of 

the signal strength model based on the strongest access points in clusters. 

 

3.2.2. Test-bed 2: Evaluation of the hybrid method 

In this test-bed, we evaluation the hybrid method and compare the proposed method with two others 

including WiFi fingerprinting and PDF method. Because of the sparse training data, the mean error of WiFi 

fingerprinting is much higher than Test-best 1 about 1.81 m that is shown in Table 2. The mean errors the 

PDR method is 3.2 m because of the drift of location errors along the long period. While with an initialized 

start point, the hybrid approach can have a mean error of 1.02 m. Compare with the PDR method and WIFI 

fingerprinting the average positioning exactness of the hybrid framework was reduced by 44% and 68% 

respectively. The corresponding accumulative distribution functions of the errors are performed in Figure 6(b). 
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The position error of the confidence probability within 80% is about 1.2 m for the hybrid method, which 

remarkably enhances the precision of the indoor positioning system. The demo video of the proposed method 

has been uploaded toYouTube at https://youtu.be/lwefRLmjlOE. 

 

 

Table 1. Mean errors of three different methods in 

test-bed 1 
Method Mean errors (1 m) 

Proposed WiFi approach 1.18 

KNN [17] 1.86 
Trilateration [22] 1.74 

 

Table 2. Mean errors of WiFi, PDR and proposed 

hybrid method 
Method Mean errors (2 m) 

Proposed hybrid method 1.02 

WiFi Method 1.81 
PDR 3.20 

 

 

 

 
(a) 

 
(b) 

 

Figure 6. Cumulative distribution functions results of experiments; (a) CDF of three WiFi methods,  

(b) CDF of the three approaches in test-bed 2 

 

 

4. CONCLUSION 

In this article, we have recommended a WiFi-based maximum convergence algorithm that can 

achieve high accuracy and low computation complexity. The WiFi fingerprinting using path loss model and 

nearest neighbor clustering is applied to reduce time labor and computational cost. The maximum 

convergence algorithm for the online phase can reduce the fluctuation of the RSS signals. In order to improve 

more accuracy, the PDR method and IMU sensors in smartphones are utilized to estimate the movement of a 

person. In addition, the Kalman filter is employed to correct the drift problem of the PDR approach. A 

building without any additional infrastructures is utilized to conduct our experiments. As the result, the 

effectiveness of the suggested algorithm is proved by our experimental results. 

 

 

ACKNOWLEDGEMENTS 

We acknowledge the support of time and facilities from Ho Chi Minh City University of 

Technology (HCMUT), VNU-HCM for this study. 

 

 

REFERENCES 
[1] N. Nakajima and K. Hattori, “Autonomous pedestrian positioning using ultrasound sensor for stride mea-

surement,” 2015 International Conference on Indoor Positioning and Indoor Navigation (IPIN 2015), 2015. 

[2] A. Alarifi et al., “Ultra wideband indoor positioning technologies: Analysis and recent advances,”Sensors, vol. 16, 

no. 5, 2016, Art. no. 707, doi: 10.3390/s16050707.  

[3] H. Zou, M. Jin, H. Jiang, L. Xie, and C. J. Spanos, “Winips: WiFi-based non-intrusive indoor positioning system 

with online radio map construction and adaptation,” IEEE Transactions on Wireless Communications, vol. 16,  

no. 12, pp. 8118-8130, 2017, doi: 10.1109/TWC.2017.2757472. 

[4] Z. Jianyong, L. Haiyong, C. Zili, and L. Zhaohui, “RSSI based bluetooth low energy indoor positioning,” 2014 

International Conference on Indoor Positioning and Indoor Navigation (IPIN), Busan, Korea (South), 2014,  

pp. 526-533, doi: 10.1109/IPIN.2014.7275525. 

https://youtu.be/lwefRLmjlOE


Int J Elec & Comp Eng  ISSN: 2088-8708  

 

Maximum convergence algorithm for WiFi based indoor positioning system (Vinh Truong-Quang) 

4035 

[5] M. Bhattacharya, C.-H. Chu, and T. Mullen, “RFID implementation in retail industry: Current status, issues, and 

challenges,” Proceedings of the 38th Annual Meeting of the Decision Sciences Institute, Phoenix, AZ, 2007,  

pp. 2171-2176. 

[6] Y. Zhuang et al., "A Survey of Positioning Systems Using Visible LED Lights," in IEEE Communications Surveys 

and Tutorials, vol. 20, no. 3, pp. 1963-1988, thirdquarter 2018, doi: 10.1109/COMST.2018.2806558. 

[7] Malith, A. Maheepala, M. Z. Kouzani, and A. Joordens, “Light-based indoor positioning systems: A review,” IEEE 

Sensors Journal, vol. 20, no. 8, pp. 3971-3995, 2020, doi: 10.1109/JSEN.2020.2964380. 

[8] Y. Zhang, L. Deng and Z. Yang, “Indoor positioning based on FM radio signals strength,” 2017 First International 

Conference on Electronics Instrumentation & Information Systems (EIIS), Harbin, China, 2017,  

pp. 1-5, doi: 10.1109/EIIS.2017.8298574. 

[9] Z. Chen, H. Zou, H. Jiang, Q. Zhu, Y. Soh, and L. Xie, “Fusion of wifi, smartphone sensors and landmarks using 

the Kalman filter for indoor localization,” Sensors, vol. 15, no. 1, pp. 715-732, 2015, doi: 10.3390/s150100715. 

[10] F. Zafari, A. Gkelias, and K. K. Leung, “A survey of indoor localization systems and technologies,” IEEE 

Communications Surveys & Tutorials, vol. 21, no. 3, pp. 2568-2599, 2019, doi: 10.1109/COMST.2019.2911558. 

[11] M. A. Al-Ammar et al., “Comparative survey of indoor positioning technologies, techniques, and algorithms,” 

2014 International Conference on Cyberworlds, Santander, Spain, 2014, pp. 245-252, doi: 10.1109/CW.2014.41. 

[12] Yuzana, N. Hlaing, and A. M. Maung, “An enhanced time-based wireless indoor localization using synchronized 

TDOA technique,” 2019 16th International Conference on Electrical Engineering/Electronics, Computer, 

Telecommunications and Information Technology (ECTI-CON), Pattaya, Thailand, 2019, pp. 693-696, doi: 

10.1109/ECTI-CON47248.2019.8955206. 

[13] G. Di Stefano and A. Petricola, “A distributed AOA based localization algorithm for wireless sensor networks,” 

Journal of Computers, vol. 3, no. 4, pp. 1-8, 2008, doi: 10.4304/jcp.3.4.1-8. 

[14] W. Chen, K. Kao, Y. Chang and C. Chang, “An RSSI-based distributed real-time indoor positioning framework,” 

2018 IEEE International Conference on Applied System Invention (ICASI), Chiba, Japan, 2018, pp. 1288-1291, doi: 

10.1109/ICASI.2018.8394528. 

[15] T. Dao, T. Pham and E. Castelli, “A robust WLAN positioning system based on probabilistic propagation model,” 

2013 9th International Conference on Intelligent Environments, Athens, Greece, 2013, pp. 24-29,  
doi: 10.1109/IE.2013.8. 

[16] W. Sakpere, M. Adeyeye-Oshin, and N. B. Mlitwa, “A state-of-the-art survey of indoor positioning and navigation systems 

and technologies,” South African Computer Journal, vol. 29, no. 3, pp. 145-197, 2017, doi: 10.18489/sacj.v29i3.452. 

[17] Q. Lu, X. Liao, S. Xu, and W. Zhu, “A hybrid indoor positioning algorithm based on WiFi finger printing and 

pedestrian dead reckoning,” 2016 IEEE 27th Annual International Symposium on Personal, Indoor, and Mobile 

Radio Communications (PIMRC), Valencia, Spain, 2016, pp. 1-6, doi: 10.1109/PIMRC.2016.7794982. 

[18] S. He and S.-H. G. Chan, “Wi-Fi fingerprint-based indoor positioning: Recent advances and comparisons,” IEEE 

Communications Surveys & Tutorials, vol. 18, no. 1, pp. 466-490, 2016, doi: 10.1109/COMST.2015.2464084. 

[19] Y. Fang, Z. Deng, C. Xue, J. Jiao, H. Zeng, R. Zheng, and S. Lu, “Application of an improved k nearest neighbor 

algorithm in wifi indoor positioning,” China Satellite Navigation Conference (CSNC) 2015, Proceedings: Volume 

III, vol. 342, 2015, pp. 517-524, doi: 10.1007/978-3-662-46632-2_45. 

[20] A. Khalajmehrabadi, N. Gatsis, and D. Akopian, “Modern WLAN fingerprinting indoor positioning methods and 

deployment challenges,” IEEE Communications Surveys & Tutorials, vol. 19, no. 3, pp. 1974-2002, 2017,  
doi: 10.1109/COMST.2017.2671454. 

[21] A. S. Paul and E. A. Wan, “RSSI-based indoor localization and tracking using sigma-point kalman smoothers,” IEEE 

Journal of Selected Topics in Signal Processing, vol. 3, no. 5, pp. 860-873, 2009, doi: 10.1109/JSTSP.2009.2032309. 

[22] M. Shchekotov, “Indoor localization method based on Wi-Fi trilateration technique,” Proceeding of The 16th 

conference of fruct association, 2014, pp. 177-179. 

[23] A. Cramariuc, H. Huttunen, and E. S. Lohan, “Clustering benefits in mobile-centric wifi positioning in multi-floor 

buildings,” 2016 International Conference on Localization and GNSS (ICL-GNSS), Barcelona, Spain, 2016,  

pp. 1-6, doi: 10.1109/ICL-GNSS.2016.7533846. 

[24] P. Sadhukhan, “Performance analysis of clustering-based fingerprinting localization systems,” Wireless Networks, 

vol. 25, no. 5, pp. 2497–2510, 2019. 

[25] G. Ding, Z. Tan, J. Zhang, and L. Zhang, “Fingerprinting localization based on affinity propagation clustering and 

artificial neural networks,” 2013 IEEE Wireless Communications and Networking Conference (WCNC), Shanghai, 

China, 2013, pp. 2317-2322, doi: 10.1109/WCNC.2013.6554922. 

[26] A. Saha and P. Sadhukhan, “A novel clustering strategy for fingerprinting-based localization system to reduce the 

searching time,” 2015 IEEE 2nd International Conference on Recent Trends in Information Systems (ReTIS), 

Kolkata, India, 2015, pp. 538-543, doi: 10.1109/ReTIS.2015.7232937. 

[27] A. R. Jimenez, F. Seco, C. Prieto, and J. Guevara, “A comparison of pedestrian dead-reckoning algorithms using a 

low-cost MEMS IMU,” 2009 IEEE International Symposium on Intelligent Signal Processing, Budapest, Hungary, 

2009, pp. 37-42, doi: 10.1109/WISP.2009.5286542. 

[28] F. Li, C. Zhao, G. Ding, J. Gong, C. Liu, and F. Zhao, “A reliable and accurate indoor localization method using 

phone inertial sensors,” UbiComp '12: Proceedings of the 2012 ACM Conference on Ubiquitous Computing, 2012, 

pp. 421-430, doi: 10.1145/2370216.2370280 

[29] J. Luo, Z. Zhang, C. Liu, and H. Luo, “Reliable and cooperative target tracking based on wsn and wifi in indoor 

wireless networks,” IEEE Access, vol. 6, pp. 24846-24855, 2018, doi: 10.1109/ACCESS.2018.2830762. 

[30] H. Wymeersch, J. Lien, and M. Z. Win, “Cooperative localization in wireless networks,” Proceedings of the IEEE, 

vol. 97, no. 2, pp. 427-450, 2009, doi: 10.1109/JPROC.2008.2008853. 



                ISSN: 2088-8708 

Int J Elec & Comp Eng, Vol. 11, No. 5, October 2021 :  4027 - 4036 

4036 

[31] M. Z. Win, Y. Shen, and W. Dai, “A theoretical foundation of network localization and navigation,” Proceedings of 

the IEEE, vol. 106, no. 7, pp. 1136-1165, 2018, doi: 10.1109/JPROC.2018.2844553. 

[32] L. Chen, K. Yang, and X. Wang, “Robust cooperative wi-fi fingerprint-based indoor localization,” IEEE Internet of 

Things Journal, vol. 3, no. 6, pp. 1406-1417, 2016, doi: 10.1109/JIOT.2016.2609405. 

[33] A. Rai, K. K. Chintalapudi, V. N. Padmanabhan, and R. Sen, “Zee: Zero-effort crowdsourcing for indoor 

localization,” Mobicom '12: Proceedings of the 18th annual international conference on Mobile computing and 

networking, 2012, pp. 293-304, doi: 10.1145/2348543.2348580. 

[34] T. Ho-Sy, F. Sanfilippo, and V. Truong-Quang, “A hybrid algorithm based on wifi for robust and effective indoor 

positioning,” 2019 19th International Symposium on Communications and Information Technologies (ISCIT), Ho 

Chi Minh City, Vietnam, 2019, pp. 416-421, doi: 10.1109/ISCIT.2019.8905143. 

 

 

BIOGRAPHIES OF AUTHORS 

 

 

Vinh Truong-Quang received the B.E. degree from Ho Chi Minh City University of Technology 

(HCMUT), Vietnam in 1999; the M.E. degree in Computer Science from the Asian Institute of 

Technologies, Bangkok, Thailand in 2003; and Ph.D. degree in Computer Engineering at 

Chonnam National University, Korea, in 2010. Currently, he is lecturer at Faculty of Electrical and 

Electronics Engineering, Ho Chi Minh City University of Technology, Vietnam National 

University-Ho Chi Minh. Besides, he is also the vice director of Office for International Study 

Program, HCMUT. His researches are in fields of electronics, digital systems, VLSI, embedded 

system designs, IoT designs, and image/video processing. Further info on his homepage: 

http://www4.hcmut.edu.vn/ tqvinh/ 

  

 

Thong Ho-Sy is a graduate student of Embedded system engineering at Ho Chi Minh City 

University of Technology, Ho Chi Minh, Vietnam, 2020. He received a B.S. degree from the Le 

Quy Don Technical University, Hanoi, Vietnam, in 2006. His research interest includes machine 

learning, embedded system, indoor positioning and simultaneous localization and mapping 

(SLAM). 

 


