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A B S T R A C T   A R T I C L E   I N F O 

 

The device-free indoor localization (DFIL) research is gaining at-
tention due to the popularity of location-based service (LBS)-
based advertisement. In DFIL, a user or an object does not need 
to bring any device to be localized. In this paper, we propose the 
Wi-Fi-based DFIL and the random forest algorithm for the fin-
gerprint-based technique. The simple parameter commonly used 
in indoor localization is the Received Signal Strength Indicator 
(RSSI). We apply the fingerprint technique because of its reliabil-
ity to handle the RSSI fluctuation and time-varying effect in a 
static indoor environment. We conducted an actual measure-
ment campaign to observe the DFIL's implementation visibility. 
The DFIL system works by comparing the database fingerprint in 
an empty open office with the database in which a person is in-
side the measurement area without bringing any devices. Thus, 
we have the device-free RSSI database for fingerprint technique 
from both empty rooms and RSSI affected by a person inside the 
room. We validated the random forest algorithm results by 
comparing them with the k-nearest neighbor (kNN) and artificial 
neural network (ANN). The results show that our proposed sys-
tem's accuracy is better than kNN and ANN with a mean error of 
0.63 m than kNN with 0.80 m and ANN with 1.01 m. Meanwhile, 
the precision of the random forest is 0.63 m, whereas kNN and 
ANN are 0.67 m and 0.80 m, showing that the random forest 
performed better. We concluded that our simple DFIL system is 
visible to apply with acceptable accuracy performance. 
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1. INTRODUCTION 

Internet of things (IoT) has been an 
attractive topic recently as it is related to 
our today vibrant communities. Some ap-
plications of IoTs have been established to 

advance the society. One of them is the 
location-based service (LBS), which at one 
point is very important in society nowa-
days (Shit et al., 2018). LBS applications 
include advertising, mobile guide in tour-
ism and museum, intelligent vehicle sys-
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tems, location-based gaming, and smart 
home (Raper et al., 2007; J. Yang et al., 
2018). In the outdoor, we mostly use 
global positioning system (GPS) technolo-
gy to locate the position. To be reliable, 
GPS technology requires that the satellites 
can see us without obstruction or in a 
line-of-sight (LoS) condition. However, 
during pandemic COVID-19 in 2020, peo-
ple mostly do indoor activities. Some re-
searchers pointed out that GPS technolo-
gy has limitations to be applied in indoor 
environment. The most acceptable reason 
is that the signals are obstructed by the 
wall, building, and other barriers in indoor 
environment. Thus, the signals are shad-
owed, and the positioning results are un-
reliable. Many researchers offer the in-
door positioning system (IPS) to substitute 
the GPS for indoor applications. Due to 
unavailable general standards of IPS and 
the considerable variation of technologies 
and techniques, the research topics of IPS 
are still open and vibrant  (Zafari et al., 
2019).  

Within the past ten years, the re-
searchers published IPS topics, or more 
generally stated the indoor localization, 
especially on the technology perspective 
(Xiao et al., 2016); i.e., radio-based, vision, 
optical-based, and methods techniques 
such as range-based and range-free 
(Palipana et al., 2017; Rahman et al., 
2020). Some radio technologies that very 
popular, including Wi-Fi, Bluetooth low 
energy (BLE) (Hoa & Soewito, 2018), RFID 
(L. Yang et al., 2015), UWB (Zwirello et al., 
2012), ZigBee (Chuenurajit et al., 2012), 
and many others, have been proven as 
indoor localization system. It shows that 
the proposed technology and methods 
can cover some applications. Some low-
cost to high-cost systems have been pro-
posed and utilized for target position and 
tracking in the indoor environment. How-
ever, most recent studies report indoor 
localization techniques designed for de-

vice-based or active localization (Lashkari 
et al., 2019). In the device-based localiza-
tion, the target or object needs to bring or 
attach the device to be localized, spinning 
issues in privacy matters, and low-
flexibility in the applications. These issues 
can be tackled by applying the device-free 
indoor localization concept. As the device-
based topic has been saturated and many 
findings have been proposed, the device-
free can be one of prospective research 
topic in IPS research (L. Zhao et al., 2019). 

Many techniques or methods have 
been introduced; the common topology 
for wireless-based indoor localization is 
range-based and range-free (Vadivuk-
karasi & Kumar, 2020). Range-based tech-
niques range from the original trilatera-
tion, triangulation, or improved method 
such as multilateration, min-max, inter-
ring (Duong & Thi, 2021). These tech-
niques prove that by using a specific pa-
rameter, the distance can be estimated. 
The model used varies from wireless sen-
sor networks (WSNs)-based on individual 
anchors, which can relate the parameter 
value to distance conversion. The simple 
and straightforward parameter commonly 
used in indoor localization is the RSSI. For 
instance, we have a path loss model in an 
indoor environment based on the receiv-
er's power. By merely solving the model 
by the empirical data, we can get the pa-
rameter values-distance conversion. 

In some researches mentioned in 
(Zafari et al., 2019), the disadvantages of 
using range-based, especially in RSSI, RSSI 
values fluctuate and unreliable yield the 
high position estimation error. However, 
the system is relatively easy to imple-
ment. Some research proposes to use 
other techniques, i.e., scene analysis or 
fingerprint-based technique. In radio-
based indoor localization, the fingerprint 
technique is commonly utilized as the po-
sitioning parameters can be stored. Using 
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a pattern matching algorithm, whether 
classic or machine-learning-based, the 
target's position is simply the parameter 
comparison between its and those in the 
database (Firdaus et al., 2019). Some dis-
advantages of this technique are time-
consuming and relatively unreliable when 
applied to a dynamic environment. How-
ever, most of the applications of device-
free indoor localization apply the finger-
print-based technique for their approach. 

 Device-free passive localization first 
appears in (Almishal & Youssef, 2014). The 
basic concept of device-free indoor locali-
zation (DFIL) is to free the target or object 
with any devices attached and still can be 
localized in an indoor environment. Some 
studies have explored the channel state 
information (CSI) in a room with and 
without the target (Rao & Li, 2019). Based 
on the multipath propagation phenomena 
indoor, the CSI will have a different pat-
tern and state. Some radio fingerprinting 
and radio tomography image (RTI) are 
mostly used to apply the pattern matching 
algorithm to locate the target (Yigitler et 
al., 2017). However, there is a need for 
advanced hardware installation and com-
plicated signal processing to conduct the 
CSI-based fingerprinting (Z. Yang et al., 
2013). We propose an alternative in using 
RSSI directly for the fingerprint database. 
We consider the simplicity and easiness of 
the IPS setup more than the yield accura-
cy. Furthermore, we also analyze the vali-
dation of performance metrics of accuracy 
and precision. We hope that the results of 
the performance metric support the sim-
plicity of algorithm employment.  

In device-free IPS, using a camera is 
not helpful because of privacy issues (J. 
Zhao et al., 2018). Even, of course, using a 
camera is very easy to be implemented 
and low-cost. Some papers tried to pro-
pose more simple and straightforward 
parameter implementation, such as RSSI 
from Wi-Fi devices or router indoor (Hsieh 

et al., 2019). However, as the authors are 
concerned, the RSSI is mostly used for de-
vice-based. We propose RSSI as the fin-
gerprinting technique parameter and ap-
plying it for device-free indoor localization 
for some of these considerations. As the 
author's concern, the utilization of RSSI in 
fingerprint-based technique for device-
free indoor localization is not familiar and 
relatively new. For the system realization, 
we utilized the Wireless-Fidelity (Wi-Fi)-
based device, ESP-8266, which low-cost 
and gave acceptable accuracy results to a 
recently published study (Kanakaris et al., 
2019). This paper presents the novel re-
sults of applying the Random Forest algo-
rithm as pattern matching in fingerprint-
based device-free indoor localization, 
primarily when we utilize a low-cost and 
straightforward system.  

We divide this paper into four parts; 
introduction, which stated the back-
ground problem and our research posi-
tion. The literature review will explain 
how device-based and device-free differs, 
fingerprint technique. Then in the meas-
urement campaign, we show our system 
and setup and the detail of the technolo-
gies and techniques used—following by 
the result and discussion, to discuss our 
findings and explain how we approach the 
system performance analysis. Finally, we 
will discuss the preliminary conclusions, 
and the open research gap, our future 
works in the device-free indoor localiza-
tion system will also be presented. 

2. LITERATURE REVIEW 

2.1. Device-based vs Device-free Indoor 
Localization 

The technologies utilized for device-
based has been varied from wireless-
based, optical-based, and even inertia-
based. However, these technologies need 
to attach the device to objects or targets 
to locate the position, as it is called as de-
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vice-based. Several issues appear in this 
system as privacy reasons to the system 
flexibilities, which are limited to the at-
tached device (Ruan et al., 2018) . On the 
other hand, device-free indoor localiza-
tion (DFIL) offers more flexibility and room 
for privacy (J. Yang et al., 2018). However, 
unlike the device-based which have been 
researched more than 2 decades and 
more, there are many challenges in DFIL. 
Some challenges including still limited re-
sources and references compared to de-
vice-based localization. Furthermore, to 
identify or estimate the position, the 
model and signal processing are more 
complicated and robust. Figure 1 shows 
the illustration of device-based vs. device-
free as the fundamental concept discrep-
ancy. 

The basic idea of DFIL is to free the 
object from any device attached. The 
common technology for DFIL deployment 
is wireless technology, i.e., Wi-Fi. As Wi-Fi 
is available globally and its straightfor-
ward application in our smart devices to-
day. In our approach, we emphasize utiliz-
ing low-cost devices and low-complexity 
of the algorithm, but we aim the accepta-
ble accuracy results. Some proposals in 
the past for DFIL, including channel state 
information (CSI), which include the statis-
tical channel model in the approach and 
using the artificial neural network (ANN) 
for the RSSI data, show a reasonable pro-
spect DFIL. However, the machine learn-
ing (ML)-based is more promising (Dang et 
al., 2019; Sun et al., 2018). This paper 
proposes the Random Forest algorithm as 
the machine learning (ML)-based algo-
rithm for the pattern matching algorithm 
for fingerprint technique. Generally, pat-
tern matching can use the Euclidean dis-
tance or simple nearest neighbor algo-
rithm if the data is relatively small in size. 
For a large amount of data, the classifier 
or regressor is needed.  As one of the 
known classifiers, the random forest owns 

its famous high accuracy results and 
straightforward implementation for DFIL. 

  

Device-based Device-free 

Figure 1. Device-based vs. device-free 

2.2. Fingerprint-based Technique for 
DFIL 

The DFIL needs information about the 
changing of the environment as the object 
in the room. Therefore we propose to use 
RSSI values from the Wi-Fi device that 
spread in the room. These devices com-
municate with each other in the scheme 
of wireless networks. This wireless net-
work or wireless sensor networks (WSNs) 
is chosen because of its available topolo-
gies, such as star topology, which allows 
us to collect the data from the sensor 
nodes' environment (as a transmitter, TX) 
to a sink node as the receiver. The RSSI 
disturbance because of the object in the 
room, can be collected. We consider the 
radio fingerprinting-based as the pro-
posed technique because of its accuracy 
results to tackle the inconsistent or fluc-
tuated RSSI values (Zafari et al., 2019). 

 

  
Figure 2. Fingerprint technique (D. J. Suroso et al., 

2011) 

Figure 2 depicts the illustration of a 
fingerprint-based technique for indoor 
localization. Generally, in this technique, 
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the radio parameter, i.e., RSSI, is stored as 
the fingerprint database on the first 
phase, called the offline phase. These RSSI 
values can be values that have the finger-
print location information and can be fin-
gerprint grids formed inside the meas-
urement campaign area. The second 
phase, called the online phase, compares 
the target's RSSI values and those in the 
database. The difference between device-
based and device-free system in finger-
print data collection is that for the DFIL 
system, the fingerprint database consists 
of two databases; like the empty room 
database, and compare to the RSSI values 
when there is a database when a person 
inside the measurement area, or located 
in the specific grids mentioned before. 
The matching process is done by applying 
a pattern matching algorithm to estimate 
the target position. 

2.3. Wi-fi-based DFIL 

RSSI-based DFIL can be obtained di-
rectly from popular Wi-Fi devices (Luo et 
al., 2011). The DFIL system utilizing Wi-Fi 
can be illustrated in Figure 3.  

 

Figure 3. Wi-Fi based DFIL system 

First, the RSSI of the empty room is 
recorded, then the database in some 
points where a person is standing is also 
recorded from the available access points 
(APs). For the localization process, a per-
son or an object walks through the area of 
interest and change the power properties 
in the measurement area because of 
propagation phenomena such as diffrac-

tion, reflection, scattering, and shadowing 
(Rosli et al., 2019). 

3. RESEARCH METHODOLOGY 

3.1. Random Forest 

Random Forest is a branch in ML 
proven to have high accuracy in data clas-
sification and data mining (Osisanwo et 
al., 2017). A random forest's basic idea is 
derived from a decision tree in which ran-
dom forests grow many trees to be a for-
est. The paper published in the random 
forest introduction is in (Louppe, 2014). 
Random forest is a supervised algorithm 
that needs the first introduction or decla-
ration to establish the forest as a classifier 
(Ramadan et al., 2018). The random forest 
needs general data consisting of the real 
number and vector. The illustration of a 
regression tree in the random forest is 
depicted in Figure 4. The  X  is the ob-
served parameter, for example, the value 
of power received. Then, if the values of X 
are less from a specific value, A., the re-
gression will continue to X1, followed by 
specific value criteria. This process will 
continue until there is no splitting value 
anymore. 

Figure 4 shows that the criterion Xi < 

A gives the first observation splitting. 
Then, the split was followed by the two 
criteria and four leaf nodes. From Figure 
4, Y and X are a real number and vector, 
respectively, the observation number as  

Yi, Xi1<i<K where K is the total amount 
of data. Classification steps in the random 
forest are structured in two steps; the first 
step is to select the tree's construction, 
following the second step is to decide 
based on the tree constructed in the first 
step.  The different set of data can be 
constructed by dividing the criteria which 

appear in Xi1<i<K. Here, each criterion 
can be split into two subsets, followed by 
the two criteria, which conclude the clas-
sification with each has the final four leaf 



 Suroso, et al. Random Forest-based Fingerprinting Technique for … | 84 

 

 

 

nodes. The random forest scheme's prin-
cipal evaluates the selection tree's error 
based on many independent trees' predic-
tion results and applying the average val-
ue from all trees. For instance, in classifi-

cation, we want to predict the vector  
from vector Xi that we have already had. 
Here, we utilize step 1, where the final 
node of the vector Xi is classified. In Fig-
ure 4, the vector Xi is classified into node 

3, which gives . Thus, the  

can be predicted as (Ramadan et al., 
2018) 

 

Figure 4. Regression tree. 

 

    (1) 

The random forest can be a predictor 
in a certain way that the data is classified 
into the nearest target data by applying 
out of bag (OOB) score. In the classifier, 
the OOB score is defined as the correct 
prediction per OOB total sample, while 
the OOB as regressor is defined as the co-
efficient of determinations (R-Squared) 
from the prediction using OOB sample 
and expectation values. The OOB score 
utilizes the R-Squared to analyze the dif-
ference in one variable, which can be ex-
plained by the second variable. The R-
Squared provides us the variation of the 
percentage in  and . Equation (2) shows 
the R-Squared mathematical expression 
(Garge et al., 2013) 

               (2) 

where  is the outcome for  OOB,  
is the predicted result,  is the number 
excluded OOB cases in growing of  
tree, and  is the average or the mean of 
outcome for OOB cases. In the ideal con-
dition, the number of OOB samples is 
36,8% of the total number of rows da-
taset, . The probability to exclude some 

data in  is . If there is a sampling with 

replacement, the probability to exclude  

rows in random draws will be . We 

built the random forest algorithm under 
Scikit-learn in Python (Pedregosa et al., 
2011). 

3.2. Measurement campaign 

We collected the RSSI dataset in the 
lecturer's office at our department (De-
partment of Nuclear Engineering and En-
gineering Physics, Universitas Gadjah Ma-
da), as shown in Figure 5. This office has 
an open office format and has area of 18 
m2 with an asymmetrical shape. We se-
lected this particular room because it can 
represent the condition of the office room 
in general. The room contains nine work-
stations consisting of a table and chairs, 
and there are also several cabinets. Some 
stainless steel towers are also seen for 
holding the partition.  

 

Figure 5. Indoor environment for measurement 
campaign. 

As seen in Figure 5, the environment 

has many interference objects (IOs) rang-

ing from wood to metal objects, small-to-

huge sizes such as the metal drawer, ta-

ble, chair, and other office equipment. We 

expected these IOs will contribute to the 
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multipath propagation and will affect the 

RSSI measurements. However, as we 

chose the fingerprint-based, we will see 

that this issue will be solved. 

3.3. Access Points (APs) Location 

 

(a) 

2 m

3 m

Reference Point

Access Point

Test Point

AP 1

AP 2

AP 3 AP 4
AP 5

AP 6AP 7

AP 8

 

(b) 

Figure 6. Measurement scenarios (a) APs loca-
tions (b) Testing positions outside fingerprint lo-

cation 

The structure of data collection con-
sists of several APs and one station (STA). 
Figure 6 depicts the illustration of the 
measurement campaign. We divide the 
room as an area of interest into several 
points consisting of 18 reference points 
for the fingerprint database and 9 test 
points to validate the fingerprint database 
test. Measurements are carried out se-
quentially at 1 to 18 reference points and 
then followed by measurements at 1-9 
test points. We placed the test point in 
between the database grid to evaluate 
our proposed system. 

On each side of the room, there is a 
Wi-Fi module ESP8266, which acts as an 
access point; the number of access points 
spread across the room is 8 points at the 

height of 1 m from the floor. The height of 
1 m is chosen because we have a vision in 
the actual implementation; the average 
height of intelligent devices people use is 
at waist level, in author's previous publi-
cation on different height or elevation of 
the reference affected the system per-
formance (Phimmasean et al., 2012). Each 
access point will measure the RSSI value 
of 7 other access points; then, after that, 
each access point will send the RSSI data 
to a sink node located in the same room 
but outside the monitoring area. The final 
data collection in one data collection will 
later form a vector with 56 elements (7 
RSSI values for every 8 Access Points). 
RSSI measurement starts when the human 
target stands at a predetermined point for 
4 minutes. To keep the environment stat-
ic, we limit the target's movement at the 
time of measurement. The same process 
will be carried out at every 27 points (18 
reference points and 9 test points). Table 
1 shows a list of tools and materials and 
their respective specifications used in this 
study. 

3.4. Measurement Details 

We created a Wireless Sensor Net-
works (WSNs) that consists of 8 (eight) 
wireless sensor nodes and 1 (one) serv-
er/sink node for measuring the RSSI in the 
area. Each node consists of an ESP8266 
Wi-Fi transceiver, as shown in Figure 7. 

In this paper, we set the ESP8266 on 
each Wireless Sensor Nodes for doing 
three specific tasks that were implement-
ed simultaneously. These three tasks can 
be broken down into: 

1) ESP8266 will act as an Access Point 
(AP), which acts as a Wi-Fi transmitter 
with a frequency of 2.4 GHz. Each Wi-
Fi transmitter on each wireless sensor 
node will have a different SSID; this is 
done to give each wireless sensor 
node identity. 

Metal drawers and poles 
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2) ESP8266 will measure the RSSI value 
on every seven other Wi-Fi transmit-
ters every 2 seconds. For example, 
the ESP8266 on the 1st wireless sen-
sor node will measure the 2nd to the 
eighth wireless sensor node's RSSI 
value. 

3) After taking measurements, the 
ESP8266 will send the RSSI and illu-
minance measurements data to the 
server/sink node, which will be pro-
cessed further.  

 
Figure 7. WSNs arrangement 

Then to build a server/sink node, we 
used ESP8266, which acts as a receiver 

connected to the laptop. Measurement 
data from each wireless sensor node was 
sent to the server using a star topology 
utilizing the ESP-NOW protocol developed 
by Espressif ((Shanghai), 2016). Each 
ESP8266 module's configuration is done 
with the Arduino Integrated Development 
Environment (IDE) using the C / C ++ lan-
guage. 

3.5. Pre-processing 

To capture the involvement of the 
human body inside the area of interest, 
the RSSI values obtained from measure-
ments will be subtracted by the RSSI val-
ues collected in the empty room. 

 (3) 

where  with  is the number 

of reference points and  will 

become the input or feature for ML. We 
list the details of the proposed method in 
Algorithm 1. Figure 8 shows the flowchart 
of the target’s prediction process using 
random forest algorithm. 

 

Figure 8. Summary target’s prediction process 
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Algorithm 1 Random Forest for prediction 

target's position 

Input: , with  is 

number of data,  is number fea-

tures consist of 56 RSSI values from 

each link 

Input:  is test data,  is number of 

data,  is number features consist of 

56 RSSI values from each link 

Output :  The target's position in 

 coordinate 

Preprocessing Phase 

1. Substract the RSSI value obtained 
when the target is standing in each 
determined position with the RSSI 
values collected when the room is 
empty 
Training Phase 

2. Determine the number of tree and 

the depth of tree   

3. For  

4. For  

5. From original dataset , Random-

ly select  features from total  fea-

tures in original dataset, where 
.  

6. The new dataset from selected fea-
tures , will be assigned as root 

node and will be splitted into two 
child node  by calculating the 

the impurity of the node  using 

mean square error. Where  

7. If  or  or  are not 

homogen 
8.  will be splitted into another 

two child node , Where 

  

9. end if 
10. end for 
11.  end for 

Prediction Phase 

12. The features in test data  will 

be selected to each randomly created 
decision tree to predict the outcome 
and stores the predicted outcome 

13. Calculated the votes for each predict-
ed target 

14. Consider the average outcome in 
each decision tree as the final predic-
tion of the target's position 

3.6. Data Validation Scenario 

We divided the data validation for our 
proposed method into two scenarios. 

Scenario 1: Database will be randomly di-
vided into 80% training data to train the 
machine learning algorithm, 20% test data 
to test the machine learning model's per-
formance. 

Scenario 2: All database is used to train 
the machine learning algorithm, and the 
machine learning model will be tested us-
ing test point data (outside fingerprint 
points). 

3.7. Evaluation Metric 

The evaluation metric of indoor local-
ization can be seen from two perspec-
tives: localization error and standard de-
viation (Sadowski & Spachos, 2018). In 
order to observe the accuracy, the locali-
zation error can be evaluated as, 

           (4) 

where  and 

. Meanwhile, the pre-
cision is defined by standard deviation, 

       (5) 
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(a)

 
(b) 

Figure 9. Positioning results (a) in the left-middle room (b) in the middle-right room 

4. RESULTS AND DISCUSSION 

In the proposed DFIL system, the 
Random Forest performance was validat-
ed by comparing to other ML algorithms; 
k-nearest neighbor (kNN) and artificial 
neural network (ANN). Our previous work 
on the fingerprint-based technique for 

device-based systems utilized a random 
forest algorithm can be found in (D. Suro-
so et al., 2019). 

4.1. Scenario 1 

To test the quality of the constructed 
fingerprint database, the scenario 1 is ap-
plied. In scenario 1, we validate the ma-
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chine learning model's performance using 
a portion of data in the fingerprint data-
base. We expect to get good results since 
the validation data's RSSI values have 
similar characteristics to the fingerprint 
database. The test points location are de-
picted in Figure 6 in the “reference 
points”. The author’s previous publication 
on the fingerprint technique uses a similar 
approach to test the database's quality 
before estimating the target position in 
several locations outside the finger-
print/reference locations (D. J. Suroso et 
al., 2011). As expected we get the range 
variation results shown in Figure 9. 

Figures 9 (a) and (b), show the left-
middle and right-middle position in the 
measurement area, respectively. These 
Figures show that the accuracy and preci-
sion results are acceptable since, as we 
observed, the predicted points are scat-
tered around the target position with rela-
tively high accuracy.  Some of the esti-
mated positions of the location prediction 
yield relatively high error. For example, in 
Figure 9 (b), in the position of (5.5m, 
1.5m), both the predicted position's preci-
sion and accuracy are low. These high er-
rors might be due to the APs position of 5 
and 6, close to the metal drawers and 

metal poles. As seen in Figure 6, the APs 
position yields the propagation mecha-
nism obstructed or attenuated (Khudhair 
et al., 2016). Moreover, the actual target 
position is close to AP 6, in which the 
probability of signal interference is high, 
or probably because of these interaction 
objects (IOs), mostly metal, the signal is 
shadowed or reflected due to the irregu-
lar shape of the metal objects (D. J. Suroso 
et al., 2021). 

To validate our proposed method's 
reliability using Random Forest, we com-
pare the results with the other ML algo-
rithms such as k-NN and ANN. For Scenar-
io 1, Figure 10 shows the mean error 
comparison for three ML algorithms for 
the accuracy validity and standard devia-
tion to examine their precision. We can 
observe from Figure 10 that the result ob-
tained for the system's accuracy and pre-
cision is acceptable. Figure 10 also sum-
marizes each machine learning algo-
rithm's performance with relatively high 
accuracy with a mean error below 1 m. 
This relatively low error is sole because 
we use the similar RSSI values of the tar-
get, which is the same as the fingerprint 
database. 

 

  
 (a)  (b) 
Figure 10. Scenario 1 result (a) Mean error accuracy comparison (b) Localization error deviation comparison 
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Figure 10 depicts that the Random 
Forest algorithm's proposed utilization 
has outperformed other machine learning 
algorithms, with both the mean error val-
ue and error deviation value is around 0.6 
m. These results suggest that the random 
forest algorithm can more precisely pre-
dict the target's positions without overfit-
ting and keep the computing process 
more straightforward (Breiman et al., 
2017). 

4.2. Scenario 2 

Unlike Scenario 1, we validate the 
Random Forest performance by using 
measurement data at the test point, out-
side of the fingerprint point for Scenario 
2. The test point data-position can be 
seen from Figure 6. Scenario 2 aims to val-
idate our proposed method's accuracy 

and precision when the target is at differ-
ent positions from the fingerprint posi-
tions in the database. 

In this scenario, we consider 9 posi-
tion of the test point as in  Figure 6. The 
prediction results are shown in Figure 11. 
As expected, the results of Scenario 2 will 
be worse than in Scenario 1, as seen in 
both Figures 11 and 12. First, the target's 
RSSI values are different from the RSSI of 
fingerprint as the positions are different. 
Second, the propagation phenomena that 
yield the RSSI fluctuation are concerned 
(Rosli et al., 2019). In this paper, we do 
not consider applying the vast propaga-
tion model. Thus, we present only the es-
timated position results and how they 
might cause such errors. 

 

Figure 11. Position prediction results 
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 (a)  (b) 

Figure 12. Scenario 2 result (a) Mean error accuracy comparison (b) Localization error deviation comparison 

 

  Based on Figure 11, the poor predic-
tion result always tends to the room's 
middle-right side, resulting in unreliable 
prediction results, as explained previously 
in Scenario 1. These results are caused by 
the discrepancy of RSSI characteristics at 
test points compared with the fingerprint 
database (reference points). These differ-
ences can also be caused either by the 
difference in measurement positions 
compared to the fingerprint positions we 
have in the database or by the difference 
in measurement time, so that the results 
tend to follow the most recent measure-
ment results in the database, which is the 
middle-right side (points 13-18). Alterna-
tively, it can be caused by time-varying 
effects on the RSSI values' experience at a 
particular time (Chang et al., 2017). These 
effects can be observed in such a small 

amount of time, as seen in Figure 11.  
While the fingerprint database can form 
mean values of several recorded RSSI 
from different time snaps of measure-
ment, the target is not. 

From scenario 2, it is shown that the 
measured RSSI value itself is susceptible 
to changes in the environment, which is a 
function of time (Chang et al., 2017). 
Thus, the RSSI value change due to time 
changes has a more dominant effect than 
the RSSI value change due to the target's 
presence observed in Figures 9 and 11. 
We do not prove the time-varying effects 
in the concept of time itself. Nevertheless, 
each of our data has been recorded within 
two minutes. The RSSI values have 
changed significantly from that period 
when the target moves closer or apart 
from the references. 

 

Table 1. Comparison of our proposed system with other system 

DfL System Performance Room’s 
Area 

Number of 
nodes 

Our Proposed system Mean square error of 0.6 m (scenario 
1) and 1.75 m (scenario 2) 

18 m2 8  

Sukor et al (Abdull Su-
kor et al., 2020) 

84.18% accuracy, 90.89% precision, 
83.59% recall and 87.09% F-measure 

6.4 x 12 m 12 

Sun et al (Sun et al., 
2018) 

Mean error of 0.45 m 7.2 x 7.2 m 16 

RTI Method (Yigitler et 
al., 2017) 

Mean Locaization Error of 0.55 m  70 m2 30 
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Comparing our proposal using eight 
nodes to collect the RSSI values for fin-
gerprint, we can observe that our pro-
posed system’s accuracy is relatively simi-
lar to other related works that use more 
than eight nodes. This scalability of nodes 
is proportional to the size of the room it-
self. As in our proposal, we applied our 
system in a relatively small open office 
compared to others with huge room sizes.  

Figure 12 also shows the discrepancy re-
sults of random forest between scenario 1 
and 2 both for accuracy and precision is 
about 1 m and 0.3 m, respectively. Other 
algorithms also tend to have the same 
trends, which both k-NN and ANN giving 
low accuracy and precision in Scenario 2. 

Our System vs. Device-based 

A comparison of our proposed system 
with other systems in the DFIL technique 
is shown in Table 1. Although the overall 
error prediction in this work, especially in 
scenario 2, is still relatively high compared 
to other work (with the overall MSE is 
more than 1 m), this study succeeded in 
implementing low-cost devices and a less 
complex algorithm an acceptable accuracy 
result. This need-to-be-improved perfor-
mance might happen because of the lack 
of training data used to train the model; 
the data obtained is less representative of 
the RSSI value obtained for each time or 
lack robust features that are more in-
formative resistant to environmental 
changes. However, compared to the re-
search mentioned in Table 1, our system 
obtained a relatively accurate system 
while using only fewer nodes based on 
the comparison in the nodes used. 

5. CONCLUSION 
This study proposed device-free indoor 
localization using low-cost devices and 
straightforward models and techniques. 
We demonstrate that the random forest 
algorithm proved to be good enough to 
predict the target's position if the features 
used have the same characteristics com-
pared to the fingerprint database. How-
ever, it fails to predict the target's position 
when some features have changed due to 
environmental changes each time or dif-
ferences in measurement positions. Com-
pared to kNN and ANN, the random forest 
is still better in accuracy and precision, 
both for Scenario 1 and Scenario 2. In 
Scenario 1, the random forest has the best 
accuracy and precision of 0.6 m compared 
to k-NN and ANN, both yield around 0.2 m 
lower accuracy and precision. A similar 
result was found for k-NN and ANN in 
Scenario 2. We are conducting further 
measurement for device-free indoor local-
ization with more variation and used 
technology parameters. In the measure-
ment, we also consider taking the device-
based system for comparison. In line with 
our research direction, we also plan to 
develop the sensor fusion-based device-
free indoor localization system, in which 
we think that the open issue in this topic 
is still vibrant. Measurable value in terms 
of accuracy and precision compared to 
other methods. 
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