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Abstract The paper presents two alternative implemen- 
tations of the navigation system for an autonomous un- 
derwater vehicle: a model based (Kalman filter) approach, 
and a neural architecture. We compare both solutions by 
means of simulations, and demonstrate the applicability of 
the neural solution to the problem of remote tracking of 
riiultiple AUV’s. 

INTRODUCTION 

To achieve a truly autonomous behavior, an autonomous 
underwater vehicle (AUV) must be able to locate itself in 
the operating scenario. The navigation system, an essential 
module in any AUV, is the responsible to provide, a t  any 
time instant, an estimate of its position and velocity with 
respect to a prescribed referential. 

In this paper, we present and compare two alternative 
implementations for the navigation system of AUVs.: a 
Kalman filter (model)-based and a neuron like architec- 
ture. In both cases, the navigation system for the AUV 
relies on a long baseline array configuration. It consists of 
an hydrophone/ projector unit located on the vehicle, and 
an array of four subsea transponders located near the sea 
bottom. The hydrophone/ projector unit on the AUV in- 
terrogates the four subsea transponders. These transmit 
an acoustic pulse when the vehicle’s interrogation pulse is 
received. The two-way range is computed based on the 
round-trip transmission time. 
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Figure 1: Problem geometry. 

The problem geometry is depicted in Figure 1. The four 
transponder units Ti, i = 1,2,3,4, are located at positions 
( E ; ,  y,, z i ) .  The inertial frame is defined with respect to the 

transponder positions, as shown in Figure 1. In the sequel. 
we are going to assume that the transponder locations are 
a priori known. 

The Kalman based navigation system filters the posi- 
tion measurements obtained by inverting the non-linear 
relationship between range and position. For all but un- 
realistic scenarios, the filtering operation is of paramouii 1 
importance, gince relatively small errors in the measured 
times can yield large position deviations. This is clearly 
seen in Figure 2, where estimated and measured position 
errors (along each coordinate) are shown for the case-study 
presented in the Simulations Section. 
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Figure 2: Filtered and unfiltered estimates. 

The neural navigation system works in an integrated way, 
implementing the triangulation and filtering operations. It 
is based on a single layer of elements in which an inhi- 
bition mechanism induces a cluster structure, around the 
modes of the density of the input data. It can thus be used 
for estimation purposes, with the only constraint that the 
observation noise must have zero mean. This structure, 
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Figure 3: Navigation System 

Figure 3 represents the block diagram of the Kalman 
based navigation system. We identify two main blocks: 
the trzangulataon block, that performs the geometric trans- 
formation between the measured ranges and the vehicle’s 
position, and the Kalman filtering block that carries out a 
temporal filtering of the observed series. 

This structure corresponds to a simplification of the opti- 
mal non-linear estimator for this problem, dealing with the 
non-linearity of the observations within the triangulation 
block, and solving afterwards a linear filtering problem. To 
minimize the effects of this decoupling, one must assure 
that an accurate statistical characterization of the observa- 
tions at the filter input is available, at each time instant. 

Ranges Ri ( i  = 1 , .  . . ,4) from the subsea unit i to the 
vehicle’s position ( r z ,  r,, r ,)  on the kth interrogation are 
given by 

For error free range measurements, the vehicle’s location is 
given by the intersection point of four spheres with radius 
Ri, which are centered at each transponder unit i ,  respec- 
tively. To guarantee that a solution exists, conditions 

Ri + Rj > Dist;, , i # j 

where Distij stands for the distance between transponders 
i and j, need to be satisfied by each pair of transponders. 
Since the range is measured with error, situations may arise 
where (2) is not satisfied. In this case, we validate the range 

measurement that is closer to the range predicted by the 
Kalman filter position estimate. 

The round-trip travel time measurement errors propa- 
gate through the triangulation routine, giving rise to er- 
rors in the computation of the vehicle’s linear position 
(rZ, rY, r.). These errors, which represent the observation 
noise at the input of the Kalman filter, are highly non- 
homogeneous, the larger uncertainties being obtained for 
locations either near the sea bottom, or outside the region 
delimited by the subsea transponder units. Different pat- 
terns are achieved depending on the number of transpon- 
ders and their relative location. 

The statistical characterization of the position measure- 
ment vector is accomplished by taking a first order approx- 
imation of the expressions resulting from the triangulation 
procedure [l]. The covariance matrix is computed assum- 
ing that (2) the Kalman filter position estimate is a zero 
mean Gaussian vector process, and (zz) the range measure- 
ments R, are mutually independent uniformly distributed 
Tandom variables. 

The estimation of the vehicle’s position and linear veloc- 
ity is carried out by a Kalman filter. Since most of the time 
the expected vehicle’s acceleration is close to zero, becom- 
ing non-zero only during maneuvering situations, we imple- 
mented a variable dimension Kalman filter [2] in the naviga- 
tion system. With this filter, when the vehicle’s movement 
is uniform, the Kalman filter assumes the acceleration is 
zero and estimates just the position and the linear velocity 
(quiescent model). Each time a maneuver is detected, the 
Kalman filter switchs to a larger order model (maneuver- 
ing model) extending its state vector to include the vehicle’s 
accelerations. 

To decide whether the vehicle is maneuvering or not, and 
which model must be used, a test is performed. When the 
quiescent model is in use, that is the vehicle is not maneu- 
vering, the hypothesis that a maneuver is taking place is 
accepted if a test variable based on the filter innovations 
is larger than a given threshold. The threshold adopted 
in the filter is such that the probability of false alarm in 
detecting a maneuver is around 5%. 

To switch from the maneuvering back to the quiescent 
model, the estimated accelerations are compared to their 
standard deviations. If they are not statistically significant 
the maneuver hypothesis is rejected. 

This algorithm is presented and discussed in [2]. 

NEURAL ARCHITECTURE 

The neural solution to the tracking problem is based on 
a single layered network in which a mechanism of inhibi- 
tion enables a convenient clustering of the weights of its ele- 
ments. It is inspired on the CINN network [3]. A schematic 
representation of the network is illustrated in figure 4, with 
its main functional components: the long term memory 
(the set of neurons) and two auxiliary structures: the inter- 
action network, that implements the inhibition mechanism, 
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Figure 4: Neural architecture. 

and the identity management block, that keeps track of the 
cluster structure within the long term memory. 

Each element in the long term memory, i ,  has associated 
a state vector (weight vector in the neural framework), zi,  
that corresponds, in this application, to descriptions of pos- 
sible vehicle trajectories at a given instant. These vectors 
have 7 entries, 3 for position, 3 for velocity, and one for time 
(instant of last update). Besides the state vector, each neu- 
ron has associated to it a trajectory identity, a fuzzy vector 
describing its membership as a descriptor of each of the 
detected vehicles, t ra j ec . id i (p ) .  The introduction of this 
second vector, which did not appear in the original CINN 
formulation, is crucial for the successful application of the 
structure to tracking of multiple vehicles, overcoming the 
problems encountered in [3] for close targets and severe 
noise conditions. 

The number of elements in the network varies dynami- 
cally, according to the received data. For each set of mea- 
surements, 0 ,  a measure of correlation with the existing 
trajectory descriptions is evaluated for all neurons present 
in the network (ezternal stimulus), I (0 ,  z i ) .  The mechanism 
of inhibition, implemented through a sliding threshold, see 
131, determines then the set of neurons that will become ac- 
tive for the current input, Se. Once this set is determined, 
a truck evidence is computed for each detected vehicle tra- 
jectory, as the sum of the evidence produced by each active 
element, defined on the basis of their trajectory identities. 

evidence(p) = t r a j e c . i d ; ( p ) l ( 0 ,  z i )  

Note that large values of evidence for a given trajectory 
will result only if there is a cluster of neurons describing a 
trajectory close to the observed distances with large values 
of trajectory identity for p .  The identity of the vehicle is 
then established as: ( i )  the vehicle for which there is more 
evidence; ( i i )  a new vehicle identity (and corresponding 
cluster) is generated, if there is not enough evidence to 
associate the data with existing clusters. 

If the input data is consistent with one of the existing ve- 
hicle trajectories, p * ,  the state vector and trajectory iden- 
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tity of each neuron is updated, using a learning factor that. 
depends on the level of external stimulus of the element 
and on the trajectory evidence for p’ ,  implementing in this 
way a soft version of the original algorithm in [3]. The tra- 
jectory identity of the neurons is updated such that active 
neurons have their trajectory identity increased for the de- 
tected vehicle, and decreased for all others, while neurons 
that do not become active decrease their trajectory identity 
only for the detected vehicle. 

To prevent the network from growing beyond the neces- 
sary size, with isolated inactive elements, the cluster cre- 
ation routine uses network elements that show a low level of 
trajectory identityfor all detected vehicles. In this way, sta- 
ble clusters are formed around the true vehicle trajectories, 
with a number of neurons having their weights fluctuating 
in response to outliers. 

This structure seems to be particularly fitted to the 
tracking problem under high noise, low probability of de- 
tection and high probability of outliers, since: (i) adequate 
control of the diameter of the cluster of neurons tracking 
each vehicle assures cluster persistence even under severe 
noise, (ii) misses (no detections) are tolerated, since the 
neurons will retain their trajectory identities during a rea- 
sonable period of time; (iii) outliers do not affect the stable 
clusters, but rather a population of randomly varying neu- 
rons. 

SIMULATIONS 
In the simulated scenario, the transponders define a 

square in the (x,y) plane with 70 meter sides. Each pair 
of widest separated transponders are located at  the same 
depth. The difference in depth between the two pairs is 
20 m, the depth of the upper pair being equal to 100 m. The 
round-trip range measurement errors are modeled as a sym- 
metric uniform random variable, in the interval [-I, 11 m. 

The AUV’s trajectory has a U-shape in the (x,y) plane, 
with a positive velocity along z. Initially the AUV moves 
horizontally on the (x,y) plane 10 m above the upper pair 
of transponders, going down 20 m during the time interval 
[75,225] sec, and completes its trajectory horizontally in 
between the two pairs of transponders. In the (x,y) plane, 
the vehicle’s trajectory is contained in the area defined by 
the transponder units. 
A 100 run Monte Carlo experiment was conducted with 

the Kalman based and the neural navigation systems, the 
achieved position mean square error along each coordinate 
being shown in Figures 5 and 6, respectively. 

The mean squared error obtained with the Kalman filter 
approach over the period of operation has a mean value 
smallest than 0.005 m2 along z and y, and than 0.011 m2 
along z .  The peaks observed on the 2: and y coordinates, 
and the sudden increase in the error along the I coordinate, 
correspond to the passage through the horizontal plane de- 
fined by the upper pair of transponders. 

Since in this case only one vehicle is known to be present 
and there are no outliers, the neural estimate is chosen 
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Figure 5: Position mean square error with the Kalman filter 
approach 

as the weight of the most active element, and the cluster 
formation routine is inhibited, the network having a fixed 
size of 30 elements. The mean squared error over the period 
of operation has a mean value of 0.045 m2 and a standard 
deviation of 0.006 m2 along 2 and y, and of 0.29 and 0.18 
along z .  

Finally, we illustrate the behavior of the neural struc- 
ture for multiple vehicle tracking. In the example shown, 
there are three vehicles present. Figure 7 is a 3 dimen- 
sional plot of the true vehicle trajectories together with the 
result of one Monte Carlo run. The noise conditions are as 
for the previous figures. We can see that the three vehi- 
cles are correctly tracked by the neural network. The mean 
square error along each direction have the following mean 
and standard deviation values (over all the operation pe- 
riod): I and y: mean = 0.058 m2; std = 0.089 m2; r :  mean 
= 0.126 m2; std = 0.29 m2. 

CONCLUSION 
We presented two distinct architectures for the naviga- 

tion system of autonomous underwater vehicles, and com- 
pared them by means of simulations. The model based 
(Kalman filter) solution is indicated whenever precision is 
a prime constraint, and reliable statistical models of the ob- 
servation noise are available. The second structure presents 
a worst error performance. It offers, however, the advan- 
tage of being independent of any modeling assumptions and 
of adjusting adaptively to the observed data. Moreover, it 
is suited for parallel implementation, allowing much faster 
operating rates. 
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Figure 6: Position mean square error with the neural ap- 
proach 

Figure 7: Multiple vehicle tracking 
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