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Abstract  
 

At present, there is a growing interest in the possibility of obtaining information about the location of an object 
in indoor environments. Various algorithms have been developed for indoor local position systems. One of the most 
cost-effective choices is using the WLAN infrastructure of Wi-Fi technology based on the received signal strength 
indicator (RSSI). In this paper, the estimation of the indoor location of an object in a multi-floor environment using a 
Random forest classifier is proposed, in which RSSI is used as a metric to solve the position problem. Experimental 
measurements were carried out on the first floor and the second floor of the main building of Technological University 
(Hmawbi), Myanmar. RSSI values from both 2.4 GHz and 5 GHz frequency bands are measured and used as features 
to build the RSS Fingerprint database. Performance analyses are carried out and results present that using combined 
features from both 2.4 GHz and 5 GHz frequency bands improve the localization performance as trained random forest 
classifier model could increase the performance with extra features. In addition, the proposed research takes into 
consideration the effect of antenna orientation effect and performance improvements are highlighted with results. 
 
Keywords  
Wi-Fi Indoor Location Positioning, Random Forest (RF), 2.4 GHz and 5 GHz frequency bands.  
 
1. Introduction  

Location-Based Services (LBS) are mobile applications that rely on user’s location awareness can be divided 
into outdoor and indoor areas. One of the most popular positioning systems is Global Positioning System (GPS), 
which has been widely used for positioning purpose in the outdoor environment and gives lack precision or accuracy 
for indoor positioning because of the following problems: (a) weak signal reception, (b) missing line-of-sight between 
the user and the satellites, (c) radio wave multi-path effect, and (d) scattering and attenuation in indoor environments 
(P. Enge, and P. Misra,,1999). 

Indoor positioning systems are used to estimate the location of a subject in indoor areas like multistory buildings, 
campuses, shopping malls, airports, alleys, parking garages, and underground locations. For indoor location systems, 
indoor Wi-Fi, Bluetooth, and RFID technologies are mainly considered. The Wi-Fi-based method uses Wi-Fi APs 
(access points) within the environment and location is calculated based on measured RSSI values. In the Bluetooth-
based method, a Bluetooth low-energy beacon (BLE) is used to calculate the location. RFID method requires an RFID 
tag and RFID reader to estimate the user position using radio waves.  Wi-Fi-based indoor positioning is popular as its 
wide range availability and low cost to install Wi-Fi networks. Different algorithms have been proposed to improve 
indoor position systems. Most of them are based on different measurements such as the Received Signal Strength 
Indicator (RSSI), Time of Arrival (TOA), Angle of Arrival (AOA), and Time Difference of Arrival (P. Thornycroft, 
2009; X. Li and K. Pahlavan,2004). Among them, RSSI has proven to be a highly volatile metric for indoor 
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localization. Received signal strength (RSS) based method known as fingerprint method has demonstrated higher 
accuracy compared to other techniques (A. Finkel, et al,2004).  

The use of a fingerprinting-based positioning system mainly consists of two phases: 1) online (training) and 2) 
offline (positioning). In the offline phase, the radio map or fingerprint database is created by measuring RSS values 
from existing access points in the operational environment. Radio maps include not only RSS values but also 
coordinate information of the points where the measurements were taken (C. Laoudias, R. Piche, et al, 2013). 

In the online phase, localization is conducive by matching the RSS values of the radio map and the RSS values 
measured. The number of access points in the environment or places of the maps can be changed. This condition 
affects the accuracy of positioning. The selection of matching algorithms and parameters is another factor affecting 
the accuracy of positioning in the online phase. To estimate the position, machine learning algorithms are used. 
 
2. Related Works  

The RSS fingerprints are recognized as the vectors of RSS values recorded from the audible access points (APs) 
in the target area. The fingerprint indoor positioning by using the set of pre-calibrated RSS fingerprints (or called the 
radio map) can be normally categorized into three categories: (1) deterministic approach; (2) probabilistic approach; 
and (3) machine learning approach (Z. Tian, X. Tang, M. Zhou, et al, 2013). In deterministic methods, the environment 
is divided into cells to build a radio map, and the estimated position is obtained by finding the best match between the 
new measurement and the measurements in the radio map. In probabilistic methods, signal strength distributions 
gained from Access Points (APs) are used to construct a radio map and probability distribution functions are used to 
estimate the position of the object (V. Seshadri, V. G. Zaruba, et al., 2005). In the machine learning approach, the set 
of RSS samples are collected for training and testing. The offline data is used to train the model and these outputs are 
used in the online phase to determine the location. 

There are many kinds of eminent machine learning classifiers such as k-Nearest Neighbors (KNN) classifiers, 
Support Vector Machine (SVM) classifiers, Random Forest classifier, rule-based classifier, Decision Tree, Naïve 
Bayes (Zee Gimon,2019). 

Among them, Random forest is one of the most powerful machine learning algorithms for the local position 
system (Esrafil Jedari, Zheng Wu, et al., 2015). It is an ensemble classifier that consists of many decision trees and 
outputs the class that is the mode of the class's output by individual trees and produces a highly accurate classifier. 
Wei Yiqiao, et al. developed algorithms to construct the fingerprint database with IoT devices. To train a machine 
learning classifier, dataset in RSS fingerprint database is used. The system is implemented and examined in a real 
indoor environment with 74 target locations and achieved 4 meters precisions. The simulation results show that the 
Random Forest classifier is more powerful than the KNN classifier and SVM classifier with positioning precision up 
to 94% (Wei Yiqiao, et al., 2018). 

Esrafil Jedari, et al. investigated the machine learning algorithm including k-nearest neighbor (K-NN), a rule-
based classifier (JRip), and random forest to estimate the indoor location. Results showed that the Random Forest 
classifier presents the best performance as compared to KNN and JRip classifier (Esrafil Jedari, et al., 2015). 

Although there are several types of research on RF-based fingerprinting localization, existing research works 
apply only 2.4 GHz frequency band of Wi-Fi which has been used by household devices and many Wi-Fi enabled 
technologies, resulting in high interference and RSS variations. Nowadays, Wi-Fi frequency band of 5 GHz is 
available which offers less interference with existing Wi-Fi users but provides less coverage and transmits data at 
faster speeds. 

As there is no experimental analysis on the use of dual-band fingerprint features for the multi-floor environment, 
this paper aims to carry out a performance analysis of RF-based fingerprinting localization using dual-band RSS 
fingerprint features and four different antenna orientations on two main performance parameters such as processing 
time and localization accuracy. 
 
3. Proposed System 

In this section, the overview of the proposed system is first introduced.  Then, the experiment test-bed and setup 
are described and how fingerprint database is constructed is presented. The development of the Random Forest 
classifier for indoor local position system is expressed in detail. 
 
3.1 Overview of the proposed system  

This paper proposes an indoor localization system for a multifloored environment in which Random forest 
classifier is used to estimate user’s location.  
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 The fingerprint indoor localization includes the offline training phase and online positioning phase. In the offline 
phase, firstly, the reference points are defined in the area of interest. Then, at each reference point, received signal 
strength indicators (RSSI) values from available access points (APs) are measured, and store the collected data in the 
fingerprint database. Using the collected offline dataset, the Random Forest classification model is trained. Then 
generated trained model which gives efficient classification results can be used directly in the online positioning stage 
to get position estimation of real-time tracking point as shown in Figure 1. 
 

 
 

Figure 1. Overview of System Architecture 
 

3.2 Environment and Setup 
The experiments are performed in the corridor of the first and second floor of the main building of Technological 

University (Hmawbi) and 4 APs are used to collect the data. The layout of the test-bed area is illustrated in Figure 2. 
 The length of the first and second floors of the corridor is 65 meters. Each AP is placed on the right and left sides 
of the corridor. On each floor, there are 130 reference points along the corridor with a 0.5meter separation distance 
between the points, so a total of 260 RPs for two floors.  RSSI measurements at each RP are done using TP-Link Wi-
Fi Router and laptop to get data. WI-FI analyzer software for measure the RSS value. Python programming language 
is used to implement the Random Forest Classifier model for the proposed indoor positioning system. 
 

 
 

Figure 2. Layout of Test-bed 
 

3.3 Construction of RSS Fingerprint Database 
This section demonstrates the construction of RSS Fingerprint databases for the proposed system. Three different 

RSS fingerprint databases are constructed in this research: (1) database which contains RSS features from 2.4 GHz 
frequency band (2) database which contains RSS features from 5 GHz frequency band and (3) database which contains 
RSS features from both 2.4 GHz and 5 GHz frequency bands as in Figure 3.  
  At each RP, RSSI values from four available APs are measured on both 2.4 GHz and 5 GHz frequency bands 
(i.e., 4 RSSI values (2.4 GHz) and 4 RSSI values (5 GHz)). RSS fingerprint databases for single frequency band 
contain four RSS features (see Figure 3. (a) and 3. (b)) and the RSS fingerprint database for dual-band contains eight 
RSS features (see Figure3. (c)). To analyze the effect of antenna orientation, measurements are done four times at 
each RP, facing east, north, south, and west. Therefore, there are four RSS fingerprint records for one reference point 
in all databases as shown in Figure 3.  Measured RSSI values are stored in the database together with the X and Y 
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coordinates of the RPs. The data collection process is repeated for all RPs and RSS fingerprint database is updated 
with all data collected. 

 
Coordinate Features for 2.4 GHz  

Orientation x y AP1 AP2 AP3 AP4 
0.5 0 -78 -70 -64 -22 East 
0.5 0 -68 -63 -70 -21 West 
0.5 0 -76 -61 -64 -27 North 
0.5 0 -78 -60 -62 -16 South 
. . . . . . . 

0.5 4.27 -62 -82 -26 -80 East 
0.5 4.27 -79 -78 -30 -64 West 
0.5 4.27 -53 -73 -34 -74 North 
0.5 4.27 -58 -78 -33 -76 South 
. . . . . . . 

 
(a) Sample RSS fingerprinting database for 2.4GHz 

 
Coordinate Features for 5 GHz  

Orientation x y AP1 AP2 AP3 AP4 
0.5 0 -89 -72 -80 -39 East 
0.5 0 -92 -67 -82 -27 West 
0.5 0 -89 -73 -79 -31 North 
0.5 0 -89 -63 -81 -38 South 
. . . . . . . 

0.5 4.27 -68 -90 -34 -83 East 
0.5 4.27 -75 -90 -35 -81 West 
0.5 4.27 -65 -90 -35 -81 North 
0.5 4.27 -66 -90 -47 -81 South 
. . . . . . . 

 
(b) Sample RSS fingerprinting database for 5 GHz 

 
 

Coordinate 
 

Features for 2.4 GHz 
 

Features for 5 GHz 
 

Orientation 
 

x y AP1 AP2 AP3 AP4 AP1 AP2 AP3 AP4  
0.5 0 -78 -70 -64 -22 -89 -72 -80 -39 East 
0.5 0 -68 -63 -70 -21 -92 -67 -82 -27 West 
0.5 0 -76 -61 -64 -27 -89 -73 -79 -31 North 
0.5 0 -78 -60 -62 -16 -89 -63 -81 -38 South 

. . . . . . . . . . . 
0.5 4.27 -62 -82 -26 -80 -68 -90 -34 -83 East 
0.5 4.27 -79 -78 -30 -64 -75 -90 -35 -81 West 
0.5 4.27 -53 -73 -34 -74 -65 -90 -35 -81 North 
0.5 4.27 -58 -78 -33 -76 -66 -90 -47 -81 South 

. . . . . . . . . . . 
 

(c) Sample RSS fingerprinting database for dual-band 
 

Figure 3. Construction of RSS Fingerprint Databases 
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3.4 Random Forest (RF) Classifier 
 Random Forest (RF) is a supervised learning algorithm that is used for both classification and regression. It 
consists of a set of decision trees for samples of data that has branches, nodes, and leaves. The nodes contain the 
attributes, on the values of which the objective function depends. Further, along the branches, the values of the 
objective function fall into the leaves. In the process of decision case, the new samples are going down the tree through 
the branches to the leaves, passing through all the attribute values according to the logical “IF-THEN” principle. 
Depending on these conditions, the target variable will be assigned a particular value or class. 
 Decision-making in the random forest is implemented by voting decision trees using the Bagging algorithm, 
sometimes called bootstrap aggregating. Bootstrap in statistics is a way of forming a selection when exactly the same 
numbers of objects are selected as they were original. But these objects are selected with repetitions. In other words, 
the selected random object is returned back and can be re-selected. In this case, the number of objects that will be 
selected will be approximately two-third of the original sample, and the remaining share of objects will never fall into 
the training sample. Based on this generated sample, basic algorithms (in our case, decision trees) are trained. This 
also happens in a random way: random subsets (samples) of a given length are taken and trained on a selected random 
subset of features (attributes). The remaining of the sample is used to test the generalizing ability of the constructed 
model. 
 Then all trained trees are combined into a composition using simple voting, using the average error for all samples. 
As a result of using bootstrap aggregating, the mean square of the error decreases, and the variance of the trained 
classifier decreases. The functionality of the random forest algorithm can be described as shown in Figure 4. 
 Random forest algorithm can be assumed as an ensemble method that is better than a single decision tree because 
it reduces overfitting by averaging the result. It has proven to be extremely efficient, capable of solving practical 
problems. The advantage over other machine learning models is the out-of-bag estimate for the part of the set that was 
not included in the training set. Therefore, decision trees do not need to be cross-validated or tested on a separate 
sample. 
 

 
 

Figure 4. Functioning of a Random Forest  
 

In this paper, the data set in the fingerprint database is inputted as an initial simple in the training data. Bootstrap 
divides these data as a subsample and then draws the tree depending on the input from the model. Each tree gives only 
the prediction location output that is voted. Among them, the most voted is selected to give the final location. 

In the online phase, the target node receives AP’s RSS samples from both the 2.4GHz and 5GHz frequency bands. 
This RSS sample is inputted to the trained model then output appears from the trained model. 
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4. Experimental Results 
Experimental measurements were carried out on the first floor and the second floor of the main building of 

Technological University (Hmawbi), and a total of 260 reference points (130 reference points per floor) were defined 
to collect RSS values. Experiment set up and layout of the test-bed was as discussed in Section 3.2. RSSI values from 
both 2.4 GHz and 5GHz frequency bands were measured and used as features to build the RSS Fingerprint database. 

The total amount of data is 8320 samples. Root Mean Square Error (RMSE) function is used as a positioning 
performance evaluation function which calculates the positioning error (unit of a meter) as in (1). 
 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ |𝑌𝑌𝑖𝑖 − 𝑌𝑌𝚤𝚤�|2𝑛𝑛
1                        (1) 

 
where n is the total number of test points, 𝑌𝑌𝑖𝑖  is the actual point,  𝑎𝑎𝑎𝑎𝑎𝑎 𝑌𝑌�𝑖𝑖 is the predicted point. The less the RMSE, the 
better the accuracy. 
 

Figure 5. shows the performance comparison of the 2.4 GHz frequency band and the 5 GHz frequency band for 
the number of trees 5 to 500. The result demonstrates that the 5 GHz frequency band gives a higher positioning error 
than the 2.4 GHz frequency band as RSS variation is high with the 5 GHz frequency band when penetrating the floor.  

 
Figure 5. Comparison of positioning error 

 
As Random Forest classifier would perform better with extra meaningful features, additional analysis is carried 

out comparing the positioning performance using the RSS Fingerprinting database of 2.4 GHz frequency band and the 
database which contains features from both 2.4 and 5 GHz frequency for number of trees 5 to 500 as shown in Figure 
6. It indicates that using features from both 2.4 and 5 GHz frequency band shows higher position accuracy than the 
2.4 GHz frequency band for the different number of trees and the best position result can be seen at 105 trees. The 
highest localization performance was achieved at tree number 105 in which using features from dual frequency band 
shows 9% higher accuracy than using features from a single 2.4 GHz frequency band as depicted in Figure 7. 
 

 
 

Figure 6. Comparison of positioning error 
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 Figure 7. Comparison of positioning error (number of trees = 105) 

 
 As the feature size becomes double when using the 2.4 and 5 GHz (combined) frequency, processing time 
(training time and testing time) of RSS fingerprinting positioning using a single 2.4 GHz band and combined 2.4 and 
5 GHz bands are computed and results are illustrated in Table 1. 
 

Table 1. Comparison of training and testing time 
 

 2.4 GHz 2.4 and 5 GHz 
Training time (s) 65.74 66.30 
Testing time (s) 0.47 0.45 

 
Although the training time of using combined frequency is slightly higher than using a single frequency band, 

training phase has to be performed only once and it could not affect the performance of the system. As it can be seen 
in Table 1, testing time of using combined frequency is less than a second and it is fast enough to track moving objects. 

Finally, performance improvement of considering different antenna orientations at each RP is analyzed in this 
paper. Figure 8 highlights the positioning accuracy of considering four orientations when measuring RSSI values at 
each RP and without considering (using a single antenna orientation data) for using RSS Fingerprinting database of 
both 2.4 and 5 GHz frequency band. Results prove that considering antenna orientation when measuring RSSI values 
could improve the performance of indoor positioning. 
 

 

 
 

Figure 8. Comparison of positioning error for four orientation and single orientation 
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 Finally, comparison of training and testing time for with and without considering antenna orientation are illustrated 
in Table 2. According to the results, considering antenna orientation gives performance improvement with slightly 
higher processing time than without considering antenna orientation.  
 

Table 2. Comparison of training and testing time with and without orientation 
 

 Four orientation Single orientation 

Training time (s) 36.26 21.64 

Testing time (s) 0.18 0.46 

 
5. Conclusion 
 In this paper, performance of RSS Fingerprinting positioning using the random forest classifier has been 
investigated for indoor location positioning. Performance improvement of using RSS features from both 2.4 GHz and 
5 GHz frequency bands and considering different antenna orientations are highlighted with several experimental 
results.  RSS Fingerprinting positioning using combined frequency band achieves 9% higher accuracy than using a 
single 2.4 GHz frequency band for multi-floor indoor positioning. As well, considering antenna orientations could 
improve the localization performance by 10% than without considering antenna orientation. The execution rate of the 
proposed system is also consistent although there is an increased number of features. Further considerations to this 
research are to extend indoor positioning of multi-floor environment using other machine learning algorithms and 
neural network. 
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