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INTRODUCTION 

RAIM (Receiver Autonomous Integrity Monitoring) 
is an integrity validation concept, whose aim is to 
provide the GNSS user with immediate and 
autonomous integrity information. It is based on 
processing standard measurement data (navigation 
observables) collected by a receiver and that will be 
further used for positioning. 
The idea behind RAIM techniques is to use 
available redundant measurements to check the 
consistency of an over-determined positioning 
solution.  
In particular, Fault Detection and Exclusion (FDE) 
algorithms attempt to find a set of redundant 
measurements that doesn’t cause failure detection. 
Traditional algorithms, such as the baseline Van 
Graas’ RAIM algorithm, work searching the best 
among subsets of 6 satellites. This philosophy has 
been then extended to larger subsets or an “all-in-
view” operation to cope with multi-constellation 
scenarios.  
The “all-in-view” concept assumes using all 
satellites for positioning when there’s no detected 
failure, and falling back to the best subset without 
failure if a failure into the full set is detected. 
In case of multi-constellation single-failure mode, a 
maximum of n subsets could need to be explored 
when adopting the all-in-view approach. 
When operating in multi-failure mode, the number 
of subsets may drastically increase, ranging from 
few thousand to hundred millions, depending on the 
subset size and the number of satellites in view. 
In other words, the algorithm implies the solution of 
a hard combinatorial optimization problem, where 
the dimension of search space is strictly related to 

the number “n” of simultaneously collected 
measurements.  
When such a number increases, which is the case of 
a combined constellation scenario, traditional 
techniques may result ineffective due to the 
largeness of the search space, yielding to problems 
with high complexity in terms of calculation time, 
exponentially increasing with “n” and thus 
computationally intractable. 
In a frame where exhaustive search techniques may 
result unfeasible and a simple "random search" 
would perform poorly, heuristic optimization 
approaches can provide sub optimal solutions in a 
reasonable time and with moderate computational 
effort, reducing receiver processing workload. 
Simulated annealing and genetic algorithms 
represent two of the algorithms which were most 
experienced and studied during last years, in 
particular when dealing with scheduling 
optimisation problems. 
The aim of this paper is to show how such heuristic 
optimization approaches may be used to increase 
search performances and drastically reduce 
computational complexity of multi-constellation 
RAIM algorithms, providing sub-optimal solutions 
in a reasonable time and with moderate calculation 
effort.  
In this work, a traditional RAIM FDE algorithm has 
been modified by replacing the classical extensive 
search with a new search engine based on the 
simulated annealing concept.  
This technique has been preferred to other ones (e.g. 
genetic algorithms) because it proved to be very 
simple and effective when applied to low and 
medium complexity search problems. 
Raw data have been coherently reproduced and 
several different combinations of biased 
measurements have been used to simulate and 
predict algorithm behaviour. 
 

INTRODUCTIVE CONCEPTS ABOUT RAIM 
FDE METHODS 

It is important to remember that the proposed 
approach may be directly applied to all the RAIM 



 

 

algorithms which perform some kind of search 
among subsets of satellites. 
In this work the Van Graas’ RTCA-approved FDE 
algorithm, as derived in [9], has been chosen as test-
bed for algorithm simulation as it is very popular 
among the user community as well as still widely 
used in the practice. 
This paragraph will briefly introduce some basic 
concepts about Van Graas’ algorithm, referring the 
reader to specific literature to have more details 
about RAIM techniques and their main properties 
([2], [3] and [8]). 
In the following, the reader is assumed having 
sufficient familiarity with RAIM terminology and, 
more in general, with basic satellite navigation 
integrity concepts. 
Fault Detection and Exclusion, or FDE, as its name 
suggests, protects against position errors by trying to 
find a set of redundant measurements that doesn’t 
cause detection, and excluding the failed satellite(s) 
from the positioning calculations. FDE approach 
doesn’t require identification and isolation of the 
malfunctioning satellite. 
The baseline algorithm is based on the parity space 
concept. It can be summarized as follows: 
1. In normal operation, with n ≥ 6 satellites in 

view, the system may compute a navigation 
solution from the subgroup of six satellites 
having the smallest protection level Rp. If fewer 
than 6 satellites are in view, or if no subgroup 
can be found with a protection level less than 
the admissibility threshold, a navigation failure 
is declared. 

2. The test statistic, formed by the greatest of 
successive projections of a parity vector onto 
the characteristic bias lines of the satellites 
being used in the navigation solution, is 
calculated. 

3. If the test statistic Pm is greater than the 
detection threshold, an alarm is triggered. The 
algorithm searches for a subset of 6 satellites 
that will satisfy the above condition.  The 
search is made in ascending order of the 
protection levels of all possible subsets, and 
stops only when a satisfactory subset is 
discovered.  This subset is then used for both 
navigation and integrity monitoring until 
another alarm is triggered. 

4. If no satisfactory subset can be found, an 
integrity failure is declared. 

In the algorithm above, a subset is considered 
admissible if its protection level is less than the 
alarm limit for the considered system. 
Protection level and test statistic are classical RAIM 
concepts. The Protection level is defined as the 
position error that will not be exceeded for the fault 
detection function, in accordance with the missed 

and false alert requirements. The test statistic is a 
parameter which expresses a measure of 
inconsistency between pseudoranges as observed by 
the user. 
In the following it will be proposed a novel way to 
enhance the search logic of this particular FDE 
RAIM algorithm in order to cope with the multi-
constellation case, hence dealing with a larger 
number of satellites, avoiding performance 
degradation and computational complexity increase. 
Nevertheless, this approach may be also applied to 
any other RAIM algorithm based on combinatorial 
search. 

THE APPLICATION OF HEURISTIC 
OPTIMIZATION TECHNIQUES  

When dealing with complex search problems, 
simple linear operation-research algorithms or 
traditional search techniques may result ineffective; 
this is the case of NP-hard class problems.  
These aspects have motivated researchers in 
extensively using heuristic approaches, in particular 
nature-based ones. 
Heuristic optimization approaches may provide sub-
optimal solution in a reasonable time and with 
moderate computational effort, reducing computer’s 
workload. 
Presumably, simulated annealing and genetic 
algorithms represent two of the algorithms most 
experienced and studied during last years (in 
particular when dealing with scheduling 
optimization problems) and many other different 
nature-based approaches have been developed in 
pursuit of improve their performances [1].  
Both simulated annealing and genetic algorithms are 
nature-based stochastic computational techniques; 
simulated annealing is based on thermodynamics, 
genetic algorithms are based on natural evolution 
modelling.  
The major advantages of these algorithms are their 
broad applicability, flexibility, ease of 
implementation, and the potential of finding near-
optimal solutions. 
In this work, simulated annealing has been preferred 
to genetic algorithms because it is one of the 
simplest optimisation techniques and at same time it 
proved to be very efficient in solving problem of 
such complexity. 

Simulated annealing  
As its name implies, the Simulated Annealing 
exploits an analogy between the way in which a 
metal cools and freezes into a minimum energy 
crystalline structure (the annealing process) and the 
search for a minimum in a more general system.  
Simulated annealing is a well-known heuristic 
technique for efficiently solving optimization 



 

 

problems, where simulation techniques from 
statistical physics are used to solve combinatorial 
optimization problems [5]. 
The algorithm is based upon that of Metropolis [6], 
which was originally proposed as a means of finding 
the equilibrium configuration of a collection of 
atoms at a given temperature.  
Simulated Annealing major advantage over other 
methods is the ability to avoid becoming trapped at 
local minima.  
An initial schedule is created by randomly 
scheduling the objects, and an initial cost cin and 
temperature Tin are computed. 
The algorithm employs a random search that not 
only accepts changes that decrease objective 
function, but also some changes that increase it.  
If probability is greater than a pseudorandom 
number, uniformly distributed on the unity interval, 
the change is accepted with a probability  
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where EΔ  is the increase in cost (or energy) E, K is 
Boltzmann’s constant and T is a control parameter, 
which by analogy with the original application is 
known as the system “temperature”.  
After a number of successful permutations, the 
temperature is decreased according the geometric 
cooling schedule  
 

1−= nn TT α  (2) 

 

where 0 ≤ α < 1 (α is the cooling rate factor). 
It can be shown that for any given finite problem, 
the probability that the simulated annealing 
algorithm terminates with the global optimal 
solution approaches 1 as the annealing schedule 
advances. 

Algorithm implementation 
As previous stated, the idea is to evolve a traditional 
FDE RAIM approach with an innovative search 
engine based on the Simulated Annealing algorithm.  
This should allow coping with wider configuration 
search spaces when dealing with a higher number of 
satellites, typical case of multi-constellation 
scenarios, avoiding increasing overall computational 
complexity. 
Simulated Annealing has been preferred to other 
heuristic search approaches, like evolutionary-based 
algorithms, due to its high computational lightness 
and efficiency in solving problem of such 
complexity.  
The simplified scheme of the Simulated Annealing 
has been shown in Figure 1. 
The objective function (to be maximized) takes the 
form: 
 

( ) ( ) ( ) ( )
⎟
⎟
⎠

⎞
⎜
⎜
⎝

⎛
++=

max,
2

max,
121

m

m

p

p

P
cP

R
cR

cacf ββαα  (3) 

 
where c is the current configuration, α1, α2, β1 and 
β2 are weights. 

Parameters initialization. 
1. Let k = 0 
2. Randomly generate an initial configuration 

Transition function. 
1. Randomly generate next configuration Cn from current Cc  
2. Compute the change in cost ΔE = Enext – Ecurr 

3. Compute the acceptance probability: 
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Figure 1. The Simulated Annealing algorithm 



 

 

The parameter a(c) is an admissibility factor equal 
to 1 only when the configuration is admissible both 
from geometry screening and fault-detection points 
of view. In other words: 
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where Rp is the protection radius, Ral is the alarm 
limit, Pm is the detection statistic (obtained from the 
parity vector) and Td is the detection threshold.  
The admissible configurations represent the 
rewarding part of the whole search space, because 
the optimal configuration lies among them. 
The objective function (3) has been properly 
designed in order to highly reward admissible 
configurations (those with a(c)=1), and penalizing 
not admissible ones.  
Losing the α1 percentage of the whole reward, such 
solutions will be undoubtedly discarded by the 
optimization algorithm. 

SIMULATION RESULTS 

Algorithm’s behaviour has been validated with a 
simulation framework based on the integrity 
parameters listed in Table 1 (NPA phase), assuming 
21 mixed GPS and Galileo visible satellites (5 

degrees elevation mask) according satellites’ data of 
Table 2. 
The algorithm has been stressed with three critical 
and quite unlikely test-cases, designed according 
different failure schemes: 2, 4 and 8 simultaneous 
satellites pseudoranges have been biased. 
Biases entity is in the order of few hundreds meters. 
In all these cases the algorithm showed good 
convergence capacity, providing high quality 
solutions in few hundred steps (avoiding the 
exploration of all the 54264 available 
configurations) and, obviously, always converging 
to failure-free subsets. 
As in the classical problem definition, search is 
performed among subsets of 6 satellites. 

 

Parameter Integrity 
Parameters 

Measurement noise standard 
deviation [m] 5 

Horizontal Alarm limit [m] 555 
Probability of a false detection 6.66 × 10-5 
Probability of a missed 
detection 0.001 

Time to alarm [s] 10 
Table 1. Integrity parameters 

 
 

 
 

 
Table 2. Data of the satellite scenario 

 



 

 

This combinatorial optimization problem has proved 
to be very hard, since the objective function doesn’t 
take an analytical representation and derivative 
information is globally unavailable. 
Table 3 shows the Simulated Annealing and the 
objective function (equation (3)) configuration 
parameters used for the simulations. 
 

Parameter Value 
Initial temperature Tin 600 
Final temperature Tfin 1.8 
Cooling rate factor α 0.85 
Thermal equilibrium iterations max  5 
Objective function weight α1 0.5 
Objective function weight α2 0.5 
Objective function weight β1 0.7 
Objective function weight β2 0.3 

Table 3. SA configuration parameters 
 

Example 1. Simulations with 2 simulated failures 
This is the most favourable case due to the wideness 
of the admissible search space (about the 54% of the 
whole search space). To reduce computation time, in 
similar cases lower values of cooling factor α are 
suggested. 
Figure 2 shows the value of the current solution 
objective function (fitness) during the search 
process (blue curve) and the current optimal 
solution (red curve). 
This picture shows how, frequently, the quality of 
the solution found at the beginning of the simulation 
is not high; good solutions are available 
approximately only from the 90th iteration. This 
happens because at the beginning, the annealing 
temperature is high, and the search is quasi-random.  
When the temperature is low enough, the search 
mainly concentrates over the admissible solutions, 
converging toward the optimum. 
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Figure 2. Example 1: optimization process 

 

Solution found at step 164 of 222 
Configurations with Rp < Ral 50841 / 54264 
Configurations with Pm < Td 31722 / 54264 
Admissible configurations  
(Rp < Ral  and Pm < Td) 

29412 / 54264 
(54%) 

Satellites belonging to the 
optimal subset 

4, 5, 24, 26, 27, 
35 

Biased satellites 3, 39 
Table 4. Example 1: simulation results. 

 
Example 2. Simulations with 4 simulated failures 

This case is very favourable as the search space is 
yet large enough due to the moderate number of 
biases introduced. Also in this case, the optimization 
algorithm was able to provide a set of valid 
measurements discarding unhealthy ones (Figure 3). 
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Figure 3. Example 2: optimization process 

 
Solution found at step 120 of 289 
Configurations with Rp < Ral 50841 / 54264 
Configurations with Pm < Td 19454 / 54264 
Admissible configurations  
(Rp < Ral  and Pm < Td) 

17837 / 54264 
(33%) 

Satellites belonging to the 
optimal subset 

3, 24, 25, 30, 
36, 40 

Biased satellites 4, 18, 33, 46 
Table 5. Example 2: simulation results. 

 

Example 3. Simulations with 8 simulated failures 

In this case GPS 8 mixed GPS-Galileo faults have 
been simulated.  

This simulation represents a realistic test-bed to 
validate the potential of such method, considering 
that the simultaneous unavailability of eight 
satellites represent a very conservative (as well as 
unrealistic) situation. 
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Figure 4. Example 3: optimization process 

 

The algorithm explored 589 of 54264 
configurations, finding the best solution at iteration 
292.  

The obtained results are judged very satisfactory, 
since in this case the algorithm found the eighth 
solution in ascending order of the objective 
function. 

 
Solution found at step 292 of 589 
Configurations with Rp < Ral 50841 / 54264 
Configurations with Pm < Td 4585 / 54264 
Admissible configurations  
(Rp < Ral  and Pm < Td) 

4177 / 54264 
(8%) 

Satellites belonging to the 
optimal subset 

10, 30, 35, 43, 
49, 50 

Biased satellites 2, 4, 18, 24, 26, 
33, 39, 46 

Table 6. Example 3: simulation results. 
 

CONCLUSIONS 

The proposed approach demonstrated to be 
applicable to many traditional and consolidated 
RAIM techniques based on combinatorial 
configuration search when applied to the multi-
constellation case. When interoperating GPS and 
Galileo constellations the user deals with a higher 
number of navigation satellites. In this case, the 
immediate application of traditional algorithms 
designed for the GPS-only case is unfeasible.  

An interesting feature of the shown approach is that 
it joins together both the geometry-screening and 
the error detection phases, making them totally 
indistinguishable.  

Simulation results presented in this paper 
demonstrated that this solution might be a promising 
way to improve RAIM performances without 
modifying consolidated integrity theory. 

Further work to be done is to investigate the 
behaviour of more advanced and efficient 
optimization approaches (e.g. adaptative simulated 
annealing) to further improve search performances 
without increasing calculus complexity. 

REFERENCES 

[1] Abramson, D.; “A Very High Speed 
Architecture for Simulated Annealing”; 
Computer (IEEE magazine), volume 25, Issue 
5, May 1992, pages 27-36 

[2] Brown, R. G.; “A Baseline GPS RAIM Scheme 
and a Note on the Equivalence of Three RAIM  
Methods”; Navigation: Journal of the Institute 
of Navigation, Vol. 39, No. 3, Fall 1992. 

[3] Chin, G.; Kraemer, J.; and Brown, R.; “GPS 
RAIM: Screening Out Bad Geometries Under 
Worst-Case Bias Conditions,” Proceedings of 
the 48th Annual Meeting of the Institute of 
Navigation, June 29 - July 1, 1992. 

[4] Granville, V.; Krivanek, M.; Rasson, J.-P. ; 
“Simulated annealing: A proof of 
convergence”; Pattern Analysis and Machine 
Intelligence, IEEE Transactions on, Volume 16, 
Issue 6, Jun 1994 Pages: 652 – 656. 

[5] Kirkpatrick S., Gelatt C. D., Vecchi M. P., 
“Optimization by Simulated Annealing”, 
Science, New Series, Vol. 220, No. 4598. (May 
13, 1983), pp. 671-680. 

[6] Metropolis N., Rosenbluth A. W., Rosenbluth 
M., Teller A. H., and Teller E., "Equation of 
State Calculations by Fast Computing 
Machines.", J. Chem. Phys. 21, 1087-1092, 
1953. 

[7] Ober P. B.; and Harriman D.; “On the Use of 
Multiconstellation-RAIM for Aircraft 
Approaches”; Proceedings of ION-GNSS 2006, 
Sept. 2006, Fort Worth, Texas, USA. 

[8] Sturza, M., and Brown, A., "Comparison of 
Fixed and Variable Threshold RAIM 
Algorithms”, Proceedings of the Third 
International Technical Meeting of the Satellite 
Division of the Institute of Navigation (ION-
GPS90), Colorado Springs, CO, September 19-
21, 1990, pp. 437-443. 

[9] Van Graas, F., and Farrell, J., “Baseline Fault 
Detection and Exclusion Algorithm,” in 
Proceedings of the 49th Annual Meeting  of the 
Institute of Navigation, pp. 413-420, 1993. 

 


