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ABSTRACT 
 
This paper proposes a Location-Constrained Particle 
Filter (LC-PF) for Radio Signal Strength Indication 
(RSSI) based indoor localization system. Based on 
proposed LC-PF, the RSSI fluctuation problem can be 
restrained. The proposed methods include location-
constrained importance weight updating (LC-WU) and 
location-constrained propagation model (LC-model). 
LC-WU eliminates particles in prohibited regions based 
on the geolocation of the map. The LC-model propagates 
particles based on different turning probabilities in 
different regions. These two methods can be applied 
separately or jointly. The proposed LC-PF has 2.48m 
average accuracy improvement over basic PF with 68% 
error reduction, and results in 2.07m accuracy with 90% 
confidence. 
 

Index Terms— Particle filter, RSSI indoor localization 

 
1. INTRODUCTION 

 
Context-aware computing [1] recently becomes engrossing 
and is viewed as important technology for services of the 
future ubiquitous computing [2]. Many applications 
emphasize the importance of indoor positioning [3], and 
improving the accuracy of location estimation is the key to 
enable services. For indoor locating and tracking, existing 
outdoor solutions such as GPS/AGPS are not suitable 
because of the NLOS propagation. Currently Radio Signal 
Strength Indication (RSSI) based location system is now 
combined with fingerprint technique as the method [4]. 
However, the accuracy varies with RSSI fluctuation over 
time, which usually results in discontinuous trajectory and 
even loss of position of tracking targets. 

To minimize the effect of RSS fluctuation, filters on 
the radio fingerprint output are required. Many researchers 
have shown linear filters, such as Kalman filter and 
Extended Kalman filter [5], can improve the accuracy but 
still hard to handle the nonlinearity in the location system 
and the environment [6]. The Particle Filter (PF) [7], a 

discrete implementation of recursive Bayesian filtering, is 
emerging to solve the nonlinearity problem. Fig. 1 shows 
the system block diagram and the combination of radio 
fingerprint and particle filter. The estimation result of radio 
fingerprint is further processed by PF to generate smooth 
trajectories, which improves accuracy with the aid of human 
walking model. This paper aims at constraining walking 
model and PF to improve accuracy by geolocations of map. 
 

 
 
Figure 1: Add Location Constraints to Particle Filter in RSSI-based 

Positioning/Tracking System for Better Accuracy. 
 

Particle filters model the hidden state (location) as a 
spatial posterior Probability Density Function (PDF), and  
predict and correct the PDF recursively. Prediction needs 
diversity to cover the uncertain parts of motion model. 
Correction has to update the prior PDF (prediction state) 
based on the measurement of hidden state. With articulate 
human walking model and map aid, the achievable accuracy 
can be further improved. Existing approaches include 
voronoi tracking [9], map-aided positioning [10], and map-
filtering [11]. These methods limit the particle movements 
by graph representations of corridors or geolocation of walls, 
and they have been proved majorly contribute to high level 
positioning: locate on which corridor or in which room. 
Voronoi tracking-based PFs [9][10] project the two 
dimensional free space onto one dimensional voronoi graph 
and strongly constrains the propagation model. Hence the 
particles never propagate through the wall. However, the 
strong constraints reduce the flexibility of propagation 
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model which we need to compensate the unawareness of 
target's behavior of motion. Map filtering based PF [11] 
does not constrain propagation of particle. Instead, a 
crossing wall test is applied to eliminate violated particles. 
In complex constrained maps, the less of ruling propagation 
causes large number of particles being eliminated in each 
iteration. 

Based on these observations, the left problems are how 
to enhance flexibility of motion model with less loss of 
efficiency on applying ruled propagation. This paper 
proposes a Location-Constrained Particle Filter (LC-PF) for 
RSS-based indoor human positioning and tracking. The key 
idea of our approach is to combine location constraints with 
updating operation and propagation operation in the particle 
filter. The main contributions of this paper are proposing: 

 Location-Constrained Weight Updating (LC-WU) 
 Location-Constrained Propagation Model (LC-model) 

The function correctness and estimation accuracy is 
checked with experiments based on modeling of a real RSS-
based positioning system. With LC-WU and LC-model, the 
accuracy can be improved separately by 0.79m and 0.52m. 
Their combination, LC-PF, can greatly reduce estimation 
error by 2.48m with 2.07m accuracy in 90% confidence. 
 
 

2. SPACE STATE MODEL FOR RSSI-BASED 
INDOOR HUMAN LOCALIZATION 

 
Indoor location and tracking is a stochastic estimation 
problem which typically modeled by Hidden Markov Model 
(HMM) [7]. Fig. 2 shows the state model for RSS based 
location system using the proposed methods. The proposed 
method is applied on the arrows of LC-WU and LC-model. 

The radio fingerprint generates a measurement state 
(X,Y), coordinates of physical position, for particle filter to 
correct the (X,Y) prior predicted by ( ,V) prior, prediction of 
direction and speed, on previous (X,Y) posterior. The 
corrected (X,Y) posterior is further used to correct current 
( ,V) prior and generate ( ,V) posterior. The (X,Y) and ( ,V) 
prior are both corrected by the normal measurement 
likelihood function, and then the constraints of geolocations 
are applied to the corrected states. The constraints update 
the weight of particles in the impossible region to zero. 

The proposed location-constrained propagation models 
is applied on ( ,V) posterior to generate ( ,V) prior for next 
iteration. The prediction of  is made by , which is a 
zero-mean conditioned normal distribution function. The 
variance of the normal distribution alters with different 
locations. For regions with higher probability to turn, the 
variance is larger. On thin corridors, the variance is smaller. 
The prediction of speed is based on another condition 
normal distribution, which mean is based on [12]. 

 
 

Figure 2: Space State Model for RSSI-based Indoor Human 
Localization. 

 
3. PROPOSED LOCATION-CONSTRAINED 

PARTICLE FILTER 
 
Particle filter is a discrete typed Bayesian filter that 
estimates posterior distribution over the hidden state xi of a 
dynamic system. The inference is conditioned on all sensor 
information collected so far for positioning, which can be 
described by: 

(1)

Here  is the history of all sensor measurements from 
iteration 1 to i at time ti. In the space state model described 
in section 2, xi includes (X,Y, ,V)-space. The term 

 is a probabilistic model of the target dynamics, 
and  describes the likelihood over space of making 
observation given true state xi. The probability density 
function of (1) is assimilated for implementation by 

, (2)

Where Ns stands for particle number, and n for nth particle. 
 is the position of nth particle and  is its importance 

weighting. A complete particle filter pipeline of iteration 
includes four steps, and the operation is shown by Fig. 3.  

3.1. Correction: Location-Constrained Weight Updating 

The estimation of radio fingerprint, a measurement 
location, is applied to update importance weight of each 
particle through observation likelihood, which is defined by 
(3).   is position estimated by radio fingerprint, and  is 
position of nth particle.  The inverse measurement 
confidence, , is a parameter related to variations of the 
RSS and radio fingerprint estimation. For precise 
measurements,  is small, which means more confident. In 
our experimental environment,  is optimum. The 
importance weight of particle is updated as (4). The location 
constraint term  is set to zero in impossible region, 
where human cannot stay. If the location constraints are 
time invariant, .  
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