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Abstract 

Global positioning systems have difficulties in finding positions inside buildings. Hence 

other techniques and methods are required for indoor localization. Since indoor 

positioning needs additional indoor infrastructures deployment, convenient techniques 

using Wi-Fi can be developed. In this research, indoor positioning using Wi-Fi access 

point is investigated as the main usage of Location Based Service (LBS) applications. We 

employed fingerprinting methods to increase the accuracy of positioning. The study had 

been done in real environment in Universiti Teknologi Malaysia (UTM). The models were 

designed using KNN algorithm for indoor positioning. The fingerprinting dataset 

contained received signal strength from different numbers of existing Wi-Fi access points 

in the real environment. Additional features were applied to the model in order to 

enhance the accuracy. The accuracy rate and mean square error were calculated. 

Evaluations of models had been done by conducting experiments to compare each model 

with different features. Analysis suggests that KNN method which achieved 77% of 

accuracy with K=7 is the most precise model for indoor positioning in this study. By 

applying signal strength from additional access points, more precise results had been 

achieved and distance errors had been eliminated. 
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1. Introduction 

Development of navigation systems need sophisticated methods in order to find the 

current location of a user or device with an adequate accuracy for a given context. Various 

technologies and methods are available for different type of application. Regarding 

specific context, the accuracy of these technologies is different from a few meters to a few 

centimeters. Since location based services integrate location of a mobile user with other 

information to provide various types of services to a user, knowledge of user position is 

an essential part of a location based service. Since, navigation have been an essential 

requirement of the daily life, smart phones are widely used for the navigation purposes 

nowadays. A location based service has to be consistent in providing navigation in both 

indoor and outdoor locations. Although the outdoor location based services are successful 

in providing consistent navigation to the users, indoor positioning and navigation 

applications are still improving the consistency factor [1]. 
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Outdoor positioning system can be enhanced by combining the satellite positioning 

systems such as Global Positioning System (GPS), but for indoors environment since we 

have buildings limitation such as walls or narrow corridors, positioning has been a 

challenge these days. Therefore, the need for precise indoor positioning during a short 

time and at any specific position, is forcing us to use efficient positioning systems [2]. In 

order to propose a Location Based Service for indoor environment, such as hospitals, 

shopping malls, car parks and underground, so many indoor positioning methods have 

been proposed via several technologies. These systems are similar to pedestrian 

localization, object localization and vicinity marketing inside indoor places. There are 

many various technologies used in the area of indoor navigation like infrared and wireless 

network (WLAN). Moreover, lots of other techniques are available for localization 

system: radio frequency identification or RFID which used in a navigation system in 

Massachusetts Institute of Technology. Active Badge system is an example of infrared 

technology to propose a service for positioning the room level. Another technology is 

ultra-wideband (UWB) that is used in manufacturing industries for providing accurate 

positioning in Ubisense‟s positioning system [3]. 

Regarding the complexity of the indoor environment, large coverage techniques such 

as cellular base station for indoor localization technique are unreliable. Thus the indoor 

positioning solution requires additional indoor infrastructure deployment. Unless cheap 

and convenient techniques such as Wi-Fi can be developed and comprehensive indoor 

localization continues to be a challenge [4]. According to Vathsangam et al., [5], one of 

the suitable and cost effective candidate’s techniques is using existing Wireless Received 

Signal Strength (RSS)-based indoor positioning methods. Wi-Fi location determination 

consists of two primary methods, signal strength propagation models and fingerprinting 

techniques. 

Indoor positioning system need to provide user requirement for indoor location based 

service. Indoor positioning system should be accurate and easy to use in smart phones. 

There are lots of approaches for outdoor localization that uses Global Positioning System 

(GPS) that provides reliable positioning information. However, the GPS is not suitable for 

indoor localization because satellite signals are weaken through building structures and 

accordingly, alternative methods are needed to propose an accurate and reliable indoor 

navigation system [6]. 

Wi-Fi based indoor positioning is one of the most popular systems that have lots of 

pre-installed Wi-Fi access points; however its accuracy is not good enough for indoor 

LBS. In comparison with outdoor environment, the accuracy of Wi-Fi based technology 

cannot satisfy the expectation of the indoor users because there are lots of Point of 

Interests (POIs) and narrow corridors which are hard to distinguish the position. 

Therefore, the indoor service requires more accurate positioning system than outdoor [7]. 

These days, accurate, reliable and robust indoor locating protocols are increasingly 

required by more and more users and applications. A real-time locating system gives the 

positions of mobile devices, and the position information can be used among many 

services such as navigation, tracking and monitoring [8]. There are many approaches 

regarding indoor location based service existed, but most of them need additional physical 

infrastructure except Wi-Fi methods which are available inside most of the building 

nowadays. 

Although there is considerable amount of research, precise indoor positioning is still a 

long standing problem. The most common technique for indoor navigation is Wi-Fi based 

approaches, since GPS is not useful inside buildings. Besides, by using Wi-Fi for indoor 

positioning there is no need for additional peripheral and almost all smart phones are 

equipped with Wi-Fi features. Despite the robustness of Wi-Fi localization method, there 

is a challenge for evaluation Wi-Fi signals because of their variety from time to time. The 

Wi-Fi signals hardly can get stable hence there is much complexities through indoor 

environment and it is difficult to get precise and flexible signal from wave propagations 
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[9]. There is a need to expand the range of Wi-Fi based positioning methods to be 

analysed and compared, to achieve better insight on the efficient technologies to be 

deployed. While the requirement of location based services (LBS) in indoor places 

increases, there is a need for high accuracy positioning methods, that motivates to the 

development of fingerprinting based positioning approaches which uses wireless local 

area network (WLAN). They used single fingerprinting algorithm with the integration of 

several methods [3]. 

 

2. Aim of the Study 

This research is aiming to develop a Wi-Fi based indoor positioning approach using 

fingerprinting method for mobile users which has acceptable accuracy. This research will 

investigate prospect of Received Signal Strength Indication (RSSI) algorithms. Besides, 

the investigation and analysis among fingerprinting methods in real environment inside 

Universiti Teknologi Malaysia; also simulation and testing will be done along with the 

result of designed model. Data collection of Received Signal Strength (RSS) will be 

measured by existing mobile application on user smart phone, in a selected place in 

Menara Razak (Systems Engineering Lab in level four). Additionally, this research 

presents comprehensive details of indoor positioning using location fingerprinting 

algorithm such as K-Nearest Neighbor (KNN). 

 

3. Methodology 

According to most of researchers work, a real environment can be a room or any place 

in a building [10]. Our study area is the Systems Engineering Lab which is located in 

level four of Menara Razak in Universiti Teknologi of Malaysia which contained 

furniture and equipment such as tables, chairs and computers. Data was collected by 

measuring the RSSI values of the signals received from the four points. Each point has 

dedicated label of a, b, c or d as shown in Figure 1 that illustrates a simple view of our 

research location area map. Our training data collected from these 4 points with the 

testing data set wasngathered from both known and unknown positions. We used 

available Wi-Fi access points in wireless network with IEEE 802.11 standards. Figure 2 

shows some images presenting the situation of labeled points in real environment. 

 

 

Figure 1. Experiment Layout 
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Figure 2. Examples of Labeled Areas 

An application called Lightweight Wi-Fi Scanner (APScan) was used to collect signal 

strengths from Wi-Fi access points. A free and open source application, APScan version 

2.3 is 431kbyte and can be installed on android mobile phones. We used a Sony mobile 

phone with android OS. This application provides a Comma Separated Value (CSV) file 

containing information about signal strength that save the date and time of scanning. The 

structure of information is: BSSID, Power, Channel and ESSID. In this research, we need 

BSSID which contains access points and Power of the signal. Figure 3 shows an image of 

running APScan application interface. 

 

 

Figure 3. Recording RSS using APScan 

3.1. Data Collection 

Dataset collected in Systems Engineering Lab, which is approximately 8 meters by 

5.25 meters, divided into four areas, each point defined in center of four areas which is 
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shown by red points in Figure 1. It should be mentioned that the maximum distance 

between two points is 4 meter. Signal strength measurements done during several weeks 

and we took the data collection in various day of a week in different days and different 

times in a day. In each point, we had collected more than 140 samples. The total database 

contains 560 vectors of RSSI. There were different Media Access Control (MAC) 

addresses belong to various access points; in this project we considered four to six access 

points to measure the power. APScan result is a comma separated values (CSV) file 

containing parameter which is explained in Table 1. There are several BSSID which 

belongs to every access points. Basically, BSSID is the MAC address which user is not 

aware of that, when a user moves from one area to another, the MAC address will change 

because the MAC address belong to another access points but it does not affect the 

connectivity of wireless network. An example of BSSID is: "08-00-20-ae-fd-7e". The 

Extended Service Set Identification (ESSID) is the same as BSSI for showing the name of 

access points. In some wireless network with no access points, the Basic Service Set 

Identification (BSSID) is used while in some others which network includes an access 

point, the ESSID is used, but both of them are known as SSID. 

Table 1. Values Recorded by APScan 

Value Description 

BSSID Basic Service Set Identifier is the MAC address of access points 

which APScan receives its signal strength. It is unique hexadecimal 

number 

Power Power of signal strength which shows the signal strength length 

Channel The channel of the signal 

ESSID Extended Service Set Identification, it is the same as BSSID 

 

Our study was done in level four, but some BSSIDs collected were associated to access 

points from other floors. There is a dependency between MAC address and APs. One 

access point can transfer signals within various MAC addresses. In fact, various different 

MAC addresses can be associated by one access point. It is needed to classify the MAC 

addresses which transmit the signal from one access point. In this project, the first 5 

characters of the MAC addresses were identical.  An example of received signal strength 

of this project which is the output of the CSV file from APScan is shown in Figure 4. The 

first row shows BSSID of 00:0f:7d:c9:c3 is the MAC address of one access point like d1, 

and the power of this access point is -66. 

 

 

Figure 4. Example of Received Signal Strength File 

3.2. System Design 

The model of this research which is shown in Figure 5 contains two phases: 
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i. Offline phase or training phase includes collecting of RSS samples at reference 

positions and build a training database. This data base is a distribution of signal 

strength received from each AP at each point in the location. An example of 

scattered signal strength power generated from Wi-Fi access points in this 

research is shown in Figure 6. 

 

ii. Online phase determines the location of a mobile user by comparing the measured 

RSS values with the training database. In this phase, we developed fingerprinting 

methods using KNN algorithm. Then the result will be compared and the 

accuracy of these methods were analyzed. 

 

 

Figure 5. Research Model 

 

Figure 6. Example of RSS Database in 3D Model 

3.3. K-Nearest Neighbor Method 

We used KNN algorithm based on Euclidean Distance to find the nearest point. The 

features and steps of this approach are as follows: 

 Algorithm: K nearest neighbor using Euclidean Distance 

 Goal: Finding the nearest position 

 Input: Received Signal Strength from 4 access points (RSS vector) 

 Output: Estimated nearest position (can be a, b, c or d) 

KNN 

design and implement 

positoniing approaches 

measuring signal 

strength 
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 Testing: 70% training dataset and 30% testing dataset 

Consider our fingerprinting data base: {RSSVi, RPxi}. The RPi.x shows the location of 

ith RP, and RSSVi of ith RP is a vector of RSSs which is: {RSSi1, RSSi2,…,RSSin}. This 

algorithm simply chooses the fingerprint that has the minimum distance to the current 

measurement in the signal space. In fact the K nearest neighbors are found by calculating 

the distance of each RP of database vector from the tag based on their RSSs considering 

Euclidian distance and the signal strength vector of the mobile user can be {RSS1, 

RSS2…RSSj,…,RSSn}, where RSSj refers to the RSS of AP jth and can be NULL if that 

AP is not heard. So, the Euclidian distance of RSSs of ith RP and user’s is calculated by: 

𝐷𝑖 = √∑ (𝑅𝑆𝑆𝑖𝑗 − 𝑅𝑆𝑆𝑗)
2𝑛

𝑗=1       (1) 

Figure 7 illustrates the K nearest Neighbor algorithm. As it has been shown in this 

figure for K=3 class B will be selected as a classification of estimated position. 

 

 

Figure 7. KNN Algorithm 

Various K values were used to test the algorithm and the results obtained were 

compared. Normally the odd prime numbers will be selected as a k value, so that we can 

distinguish the nearest neighbor and to avoid tie situations. The K value should be a prime 

number in ideal case to avoid situation like where K neighbors contains equal number of 

reference signals from different classes [11]. If the value of K is smaller then there is 

higher variance. On the other hand if the value of K is larger, then there is higher bias, so 

choosing the proper K depends on the data. The approach applied and the result for K=2, 

3, 5, 7, 11, 13, 17, 19 was 0. 718563, 0.706587, 0.706587, 0.748503, 0.724551, 0.700599, 

0.682635 and 0.670659. The result diagram for K=2, 3, 5, 7, 11, 13, 17, 19 is shown in 

Figure 8. The distance between estimated position and real position in testing dataset was 

calculated for each value of K, and then the average of error was calculated as a Mean 

Square Error (MSE) for various value of K. The MSE is calculated by: 

𝑀𝑆𝐸 = √(𝑋𝑟𝑒𝑎𝑙 − 𝑋𝑐𝑎𝑙𝑐)2 +  (𝑌𝑟𝑒𝑎𝑙 − 𝑌𝑐𝑎𝑙𝑐)2    (2) 

This variable shows the average error from testing dataset is measured in meter. The 

MSE for K=2, 3, 5, 7, 11, 13, 17, 19 was 0.985971, 1.004175, 1.004175, 0.839892, 

1.039299, 1.063382, 1.129381, 1.298357. These values have been rounded and MSE 

values for various K are shown in Figure 9. 
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K 

Figure 8. Accuracy Rate for Various Values of K using 4 APs 

 
K 

Figure 9. Mean Square Error (MSE) for Various Values of K using 4 APs 

3.4. KNN with Increased Number of Access Points 

The second model had following features: 
 

 Algorithm: K nearest neighbor using Euclidean Distance 

 Goal: Finding the nearest position 

 Input: Received Signal Strength from 6 access points (RSS vector) 

 Output: Estimated nearest position (can be a, b, c or d) 

 Testing: 70% training set – 30% testing set 

The same previous approach was applied and the accuracy rates for K=2, 3, 5, 7, 11, 

13, 17, 19 were 0.742515, 0.754491, 0.730539, 0.778443, 0.748503, 0.730539, 0.694611 

and 0.688623 as shown in Figure 10. The MSEs for K=2, 3, 5, 7, 11, 13, 17, 19 were 

1.052099, 0.8690323, 0.9880143, 0.7810455, 0.8819629, 0.9820563, 1.140272, 1.181851 

as shown in Figure 11. 
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K 

Figure 10. Accuracy Rate for Various Values of K using 6 APs 

 
K 

Figure 11. Mean Square Error (MSE) for Various Values of K using 6 APs 

3.5. Cross Validation for KNN 

For evaluating the result and performance of an algorithm over the dataset, k-fold 

cross-validation model is used which is a common technique in literature. Especially 

when we are doing the comparison between models, it is effective to compare them by 

their performances averaged within a number of iterations of cross-validation. Cross-

validation is a method that is used for assessment of a classifier. In cross-validation 

model, data set will be divided into two sub sets: training set and test set. In k-fold cross-

validation, the original data set will be divided into k subsamples partitions randomly. A 

single subsample is reserved as the validation data for testing usage, and the remaining k 

−1 subsamples are used for training. The cross-validation process will be repeated k 

times, while each of the k subsamples used exactly once as the test data. The k results 

from the folds are then averaged to produce a single performance estimation [12]. 

In this project, we applied k-fold cross validation with k=10, and the percentage for 

correctness of KNN classifier was calculated. The result for model with 4 APs was 69% 

and 6 APs was 76%. Figure 12 and 13 show the diagram for k-fold cross validation error 

rates for KNN model with 4 APs and 6 APs. From these diagrams, it is obvious that by 

increasing the neighbors, the error increases in both models.  But when K=1, we obtained 

different result in 4APs and 6 APs models, where the error is less in 4 APs compared to 6 

APs model.  For K< 3, the error rate is not reliable with k-fold cross validation, because 

when we tested the algorithm in both models the MSE value for 4 APs was greater than 6 
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APs model, which is contadict and we need to evaluate the accuracy by testing various 

number of K in both models. 

 

 

Figure 12. 10-fold Cross Validation for KNN with 4 APs 

 

Figure 13. 10-fold Cross Validation for KNN with 6 APs 

4. Result and Discussion 

The KNN approach has been used for positioning in this project. We applied two 

models for KNN algorithm: 

i. Using 4 numbers of access point (AP) 

ii. Using 6 numbers of access point (AP) 
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The most accurate result for 4 APs model is shown in Table 2. 

Table 2. Most Accurate Result for KNN using 4 APs 

K Accuracy MSE 

3 71% 0.98 m 

7 74% 0.83 m 

11 72% 1.03 m 

 

According to the result in Table 2, we found that by increasing the value of K, the 

accuracy initially increasing and reduced after specific value of K. Moreover, value of 

MSE is changed accordingly, the error value by increasing K was reduced initially, then it 

increased after a specific value of K. While accuracy increases, MSE value is decreasing, 

with the least distance error, and it is considered as the best value for accuracy. So, it has 

been observed that, the best accurate result is at K=7 because we have the least MSE 

value and the highest accuracy rate. 

Next, we increased the number of access point to 6 APs and Table 3 shows the most 

accurate result for this model. 

Table 3. Most Accurate Result for KNN using 6 APs 

K Accuracy MSE 

3 75% 0.86 m 
7 77% 0.78 m 
11 74% 0.88 m 

 

After increasing the number of APs, most RSS data was fed to the model that gave 

higher accuracy with reduced MSE value.  But the interesting point is that the fluctuation 

of result is similar to 4 APs model. According to Mok and Cheung [13], by increasing 

APs, the accuracy increased, since the number of inputs is increased so we can get better 

accuracy with increasing value of MSE compared to 4 APs model. This is because by 

increasing the input data, more noises included, thus produces more error. Same as the 

previous model, the highest accurate rate was achieved when K=7 with the least MSE 

value. In comparison with Mok and Cheung [13] model, this model achieved higher 

accuracy. 

For 4 APs model, the most precise result occurred when K=7 and K=11 with 74% and 

72% accuracy respectively. However, in 6 APs model, the most accurate result was at 

K=7 and K=3 with 77% and 75% of accuracy respectively as shown in Table 4. 

Table 4. The Most Precise Result of KNN Algorithm 

Features K Accuracy 

4 APs 7 74% 

11 72% 

6 APs 7 77% 

3 75% 

 

The result shows that while the number of access points increases, the more input data 

involve and higher accurate rate is obtained in comparison with 4 access points. However, 

by increasing the number of K in both models, the MSE will increase since more points 

produce more noises, which results more error. The models were tested for various 

numbers of K as shown in Figure 14. The best accuracy occurred when K=7 for both 

models, and reduced as K increases. 
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K 

Figure 14. Accuracy Rate for KNN Models 

These findings show that KNN has better accuracy with increased number of access 

points and the more precise result gained in KNN model with 6 APs. 

 

5. Conclusion 

In each experiment, increasing the number of access point has a goof effect on 

accuracy and we obtained better result by increasing the number of APs, however, MSE 

values increase with K. We used one the most commonly used and effective 

fingerprinting algorithm which most advanced researchers used in their studies. Our 

approaches were designed in different features and the result were compared and analyzed 

in many aspects to show the performance. The fingerprinting algorithm used in this study, 

does not need the coordinates of Wi-Fi access points in the positioning. So this method is 

convenient for Wi-Fi based indoor positioning system for areas such as shopping malls 

where access point’s positions are not possible to be determined precisely. We also 

applied additional features to our model in order to enhance the accuracy. These features 

can be used without using additional infrastructure and it can be used from existing Wi-Fi 

access point in the building. By increasing the numbers of access points for input data, we 

reduced the error value. In both models, by increasing the value of K, more data involves 

in positioning and accordingly more higher error values. However, by employing more 

access points, signal strengths improved the accuracy to get more precise results with less 

MSE value. 
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