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Abstract: Wi-Fi fingerprints are widely applied in indoor positioning as the indoor environment is generally non-line-of-sight 

(NLOS). To improve their performance through combination with deep learning, further studies are being actively conducted. Exist-

ing deep learning-based fingerprints require relearning when the positioning environment changes owing to the radio map, which is a 

signal strength pattern, being directly memorized using weights. In this paper, we propose a fingerprint positioning network based on 

radio map encoding that can rebuild the positioning systems with only a small amount of additional learning by solving this data 

dependency. The proposed network comprises an encoding network that uses a radio map as a feature vector and a location network 

that estimates the location based on the measured Wi-Fi signal. By vectorizing the radio map, the encoding network can recover by 

only re-measurement of the service space even if the environment changes. In addition, as the positioning network estimates the cur-

rent location by considering the past location, the estimation accuracy is high even when the noise in the Wi-Fi signal becomes se-

vere. This study demonstrated the superiority of the proposed network by comparing it with two other networks and improving the 

maximum error distance of 1.28 m. 
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1. Introduction 
Global Positioning System (GPS) based location-based ser-

vice (LBS) is applied in various fields in outdoor environments. 

However, the use of GPS signals is limited in indoor environ-

ments owing to their straightness. Research on indoor location 

recognition technology is ongoing as GPS is difficult to apply in 

indoor spaces, where satellite visibility cannot be secured [1]-

[2]. Indoor positioning techniques include various wireless 

communication technologies, such as Wi-Fi [3]-[4], Radio-

Frequency Identification (RFID) [5]-[6], Ultra-Wide Band 

(UWB) [7], Bluetooth [8], and ZigBee [9]. Wi-Fi is the closest 

technology to commercialization because it has the largest in-

frastructure among wireless communication technologies for 

indoor location recognition techniques. 

The indoor position recognition method of the Wi-Fi base has 

the time of arrival (TOA) [10]-[12] to estimate the location of 

the user utilizing the arrival time of the transmission signal, and 

the fingerprint [13]-[16] using the relative signal strength ac-

cording to each access point (AP). However, in a complex in-

door structure, a non-line-of-sight (NLOS) environment in 

which reflection and diffraction frequently occur is common; 

thus, it is difficult to measure an accurate arrival time. Con-

versely, a fingerprint, which is located in a pattern of distorted 

signals owing to the NLOS environment, is most widely applied 

as it can build a robust system indoors [17]. The fingerprint 

consists of a training step of creating a “radio map,” which is a 

database of strengths of wireless signals measured at regular 

intervals and a positioning step of estimating a location through 

a radio map [18]-[20]. 

Recently, there have been several attempts to implement the 

positioning phase of the fingerprint as a deep learning network 

[21]-[23]. Such attempts are dependent on learning the building 

environment by learning the radio map and remembering it as 

the weight map of the network. In particular, when the radio 

map is modified, network-based fingerprint is essential to re-

learning, unlike the existing methods that can be applied imme-

diately. Due to this dependency, the conducted study was limited in 

terms of accuracy. 
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Therefore, in this paper, we propose a fingerprint positioning 

network (FPN) with an encoded radio map to resolve depend-

encies and build a positioning system that is robust against 

changes in buildings and APs. The proposed FPN consists of an 

encoding network that vectorizes a radio map, the vectorized 

radio map, and a positioning network that estimates the location 

by analyzing the measured signal strength. The encoding net-

work can achieve the same performance through the additional 

learning of the small scale in the reconstruction of the radio 

map as the problem of positioning network being subordinated 

to one radio map is solved; the radio map, which is a database, 

is vectorized through deep learning. Simultaneously, the pro-

posed positioning network estimates the measured signal 

strength sequentially. Therefore, the position estimation accura-

cy is high with reference to the previous position. The validity 

of the proposed network was verified by comparing the accura-

cy with several previously proposed algorithms, and the accura-

cy and system stability owing to changes in the radio map be-

cause of AP location changes was confirmed. 

2. Related Work

2.1 Wi-Fi Fingerprint-based Localization 
Wi-Fi fingerprint-based localization is one of the most com-

mon methods used for indoor localization. The Wi-Fi finger-

print technique consists of two steps: a training phase to gener-

ate the radio map and a positioning phase to estimate the posi-

tion [24]. In the training phase, the radio map is generated from 

the received signal strength indication (RSSI) measurement at 

each reference point. The positioning phase is estimated using 

the entire radio map generated in the training phase after sam-

pling the signal strengths from the user [25]. The Wi-Fi signals 

measured at the reference point are used to generate the radio 

map through preprocessing, such as averaging or partitioning of 

RSSIs that are attenuated by the relative distance between the 

transmitter and receiver, and the surrounding structures. The 

RSSI, which is influenced by the relative distance and presence 

of obstacles, is an important value for positioning the user's 

location. 

2.2 Recurrent Neural Network Overview 
Recurrent Neural Network (RNN) is an artificial neural net-

work used for data processing with sequential correlations. In 

the environment where indoor location recognition is used, 

users move in a continuous trajectory; thus, the current location 

of the user is related to the previous location. Therefore, using 

the locus information, which RNN can be created to the sequen-

tial RSSI measurement, the stability of the position determina-

tion is improved. The Vanilla RNN, which is one of the simplest 

RNN models, produces a long-term dependency problem that 

reduces the influence on the initial input time [26]. To mitigate 

this effect, Long Short-Term Memory (LSTM) is capable of 

long sequential data learning by dissipating a part of cell state 

data using a forget gate. However, it has a large amount of op-

eration owing to its complex structure [27]. The gated recurrent 

unit reduces the forget gate, updates and outputs the gate to 

update, and resets the gate to improve the operating speed while 

maintaining the advantages of LSTM [28]. The Bi-RNN, which 

is an extension of RNN, has high data utilization efficiency by 

proceeding both forward and backward learning. 

3. Fingerprint Positioning Network

3.1 System Overview 
The general fingerprint-based positioning system comprises 

the offline phase, which collects the signal of the service space, 

the online phase, which compares the Wi-Fi signal of the user 

collected through the radio map, and the saved receiver on a 

real-time basis, and provides the presumed location information 

and constructed into the radio map. Therefore, if changes in APs 

or structural changes in space occur, the radio map is rebuilt 

again through the offline phase. Especially, the neural network-

based fingerprint, which has been studied in recent years, has a 

clear limitation compared to the existing fingerprint because it 

must re-learn all radio maps constructed through the offline 

phase. In this study, the FPN that is not dependent on the radio 

map is proposed to solve this limitation. Figure 1 shows the 

online and offline phase of the proposed positioning system.  

Figure 1: Proposed fingerprint system overview 
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In Figure 1, initial radio maps are constructed through the 

survey that collects Wi-Fi signals and the network is learned 

through each signal and radio map in the offline phase. After 

this process is completed, the online phase estimates the loca-

tion of the measured signal in real-time by comparing it with 

the stored radio map over the network.  

If the location change or the structure change of the AP oc-

curs in the indoor space after the radio map construction, one 

can update the remeasured radio map similar to the universal 

fingerprint technique, and rebuild the system through additional 

learning to the network.  

3.2 Network Architecture 
The proposed FPN based on a radio map encoding consists of 

an encoding network vectoring the radio map and a positioning 

network estimating the location. Figure 2 shows the architec-

ture of the proposed network and is designed using the layer 

expressed in the following legend. I/O data is designed to be 

identical with existing fingerprints to enhance the portability of 

the system, making it applicable to any environment. 

3.2.1 Encoding Network 

The radio map shows the wireless signal pattern of each loca-

tion of the service area as a reference for comparison in the 

positioning process of the fingerprint technique. The existing 

fingerprints based on the neural network are not stored separate-

ly but are memorized as a weight map of the network through 

learning. This method has the advantage of security and 

memory because it does not store radio maps separately. How-

ever, there is a disadvantage that the entire network should be 

re-learned if the location change of AP or the building structure 

changes in the service area and the pattern of Wi-Fi signal 

changes. In this study, to solve this problem, the radio map pat-

tern is encoded as a vector V through a multi-layered Fully 

Connected Network (FC) without remembering each radio map. 

A general image-based encoding network is constructed based 

on the Convolution Neural Network (CNN). However, the net-

work is designed based on FC because it analyzes wireless sig-

nals, such as Wi-Fi, where it is difficult to accurately predict 

coverage. Since the vector V is encoded in the same size as the 

input Wi-Fi signal, the two data input to the positioning network 

can be combined in a similarly. 

The training process removes some APs from the training da-

taset and proceeds with the learning so that collection does not 

overfit the limited radio map. If the built radio map is changed, 

one can tune it to re-establish the changed data only by further 

learning, and not re-learning of the entire network, unlike the 

existing method. 

3.2.2 Positioning Network 

Many studies have applied an approach to estimate the cur-

rent point of time based on the position of the past point of time 

because Wi-Fi signals with relatively large noise are unstable to 

estimate as a result of one point of time. In this study, we pro-

pose an LSTM-based positioning network to estimate the cur-

rent position by considering the past position sequentially. The 

Figure 2: Architecture of the proposed fingerprint positioning network 
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Wi-Fi signal with high-speed measurement can estimate many 

locations per second and applying it to the RNN-based network 

causes a gradient vanishing problem that loses long-term 

memory. Therefore, in this study, LSTM is applied, and the 

position is estimated using two layers of LSTM owing to the 

characteristics of the positioning algorithm where the XOR 

classification situation occurs. The proposed positioning net-

work inputs Wi-Fi signal S as shown on the right side of Figure 

2, and outputs the estimated position P. The estimated position 

is the probability vector P with a one-hot encoding of each RP. 

If the Wi-Fi signal strength falls below -95 dBm, it is judged 

as not received. Therefore, the network was studied by assum-

ing that the signals that are not input are all -100 dBm for calcu-

lation. 

4. Experiment and Evaluation

4.1 Implementation Detail 
The proposed network is based on Keras 2.3.1 and Tensor-

Flow 1.15.1, and the GPU is NVIDIA RTX TITAN. In this ex-

periment, Adam Optimizer with a learning rate of 0.0001 was 

applied. Validation Data confirmed the overfitting of this net-

work using 20% of the total data. The total learning was done 

up to 500 times and ended at the point where the loss and the 

result indicator, converged. To verify the reliability of the posi-

tioning system, the 2nd to 4th floors of the Mieum Campus of 

Korea Maritime University were used as experimental spaces. 

In the experiment, the AP was moved and measured for each RP 

to obtain a radio map modified according to the change in the 

AP arrangement. RPs were placed at 3 m intervals, and 200 

measurements were taken for accurate data collection at each 

point. This is because the Wi-Fi signal is difficult to distinguish 

between locations within 3 m owing to noise. 

4.2 Result and Evaluation 
The proposed FPN is a multi-class classification problem that 

outputs the user's existence probability for each location as an indi-

vidual class through one-hot encoding and softmax. Therefore, the 

proposed network applies the category cross entropy, which com-

pares classification probabilities between multiple classes, as a loss 

function. In the experiment, a radio map was constructed by ran-

domly extracting 20 APs to implement a change in AP. Through 

this, this study checks the performance by separating the radio map 

into a case where it is learned and a case where it is not learned. 

The value of Loss is a category cross entropy, indicating the 

probability between each classification. Therefore, the closer to 

0 the loss is, the more accurate it is, and the higher the loss, the 

more inaccurate it is. The deep learning model repeatedly inputs 

data and checks the improvement of accuracy based on Loss; 

thus, if this number converges to a certain number, training is 

stopped. The experiment in this study was conducted for a total 

of 500 epochs, but learning was stopped when the value of Loss 

did not further decrease. Figure 3 shows up to the suspended 

300th learning session. 

Figure 3: Training loss acceding to each epoch of the proposed 

network 

Here, the x-axis is an epoch, and the y-axis is the cross-

entropy learning, which seems to have progressed appropriately 

because it proceeded quickly within 50 times and then con-

verged below 0.5. An outlier of approximately 260 positions 

occurs up to ±20% of the learned results, as it uses a gradient 

decent approach that the learning randomly progresses. When 

each epoch is terminated, verification is conducted using data 

that is not used for learning to confirm the overfitting of learn-

ing. Figure 4 shows the loss result of this verification process. 

Figure 4: Validation loss according to each epoch of the pro-

posed network 
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The x-axis of Figure 4 is an epoch, and the y-axis is cross en-

tropy. Unlike training loss, the validation loss is rapidly falling 

and rising again from below 50. Validation results show the 

overfitting results of the results. The data used in the experi-

ment is the result of a random selection of 20 of all APs in one 

layer, so the validation data is conducted on unlearned radio 

maps. Therefore, the more training data is learned, the less ac-

curate the other data is. However, one can recognize the loca-

tion through the unlearned radio map of Validation data as well 

as the radio map of training data through the decline below 50 

epoch of Figure 4. This result is because the radio map that has 

not been applied is used. Therefore, the more the learning data 

is used, the more overfitting the result becomes. Table 1 com-

pares the performance of the proposed network with other algo-

rithms. 

Table 1: Mean error distance comparison by method 

Method Mean 
error distance 

Basic Fingerprint 10.61 m 
Kalman Fingerprint [30] 3.17 m 

P-MIMO LSTM [31] 2.03 m 

Proposed [our] 1.89 m 
5.89 m 

The methods in Table 1 are basic fingerprint, Kalman, 

LSTM, and the proposed method. Here, the proposed method 

has two results because the situations in which the radio map is 

trained and the situations where it is not trained are separately 

expressed. First, the basic fingerprint has an error of approxi-

mately 10 m, because no pre-processing has been performed. In 

contrast, most recent techniques output results of less than 6 m. 

When the learned radio map is applied, the proposed network 

has a distance error of 1.89 m and superior performance com-

pared to the latest algorithm. In addition, even when an un-

learned radio map is used, it shows a performance of approxi-

mately 6 m, and it has a similar level to the basic fingerprint and 

proves that it has a similar performance even without learning. 

Figure 5 also shows the mean error distance for each reference 

point. 

In Figure 5, the x-axis and the y-axis are all reference points 

and average error distance of each position, respectively. Most 

of the locations have an average error of approximately 2 m, 

and the maximum error occurs at approximately 8 m. In particu-

lar, a large error occurred in the position where the outer wall 

exists, which can be confirmed through the periodic increase in 

the error in Figure 5. Figure 6 represents the result of an un-

trained case. 

Figure 5:  Error distance of RPs based on trained radio map 

Figure 6: Error distance of RPs based on untrained radio map 

As shown in Figure 5, the x-axis is the RP and the y-axis is 

the average error distance of each position; overall, it can be 

confirmed that the error is large, and there is also a section over 

10 m. The error of 10 m is difficult to apply to general location 

service. However, it is expected to be available for a limited 

time before constructing a new radio map. In the future, the 

system can secure the original accuracy through additional 

learning based on the new radio map for accurate location 

recognition. 

5. Conclusion
In this paper, we propose a deep learning-based FPN for a 

robust positioning system in the LBS environment. The pro-

posed network is a system that compares the radio map directly 

with the Wi-Fi signal inputted by vectoring through encoding 

without remembering it as a weighting value. Unlike existing 

networks, one can rebuild it only by partial additional learning 
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rather than total relearning. To verify the performance of the 

proposed network, we measured the learned and untrained areas 

and showed stable performance with 1.9 m and 5.9 m errors, 

respectively. 

Based on the results of this study, we plan to conduct a study 

on a robust system for structural changes in buildings. 
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