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Abstract: Back-Propagation (BP), Extended Kalman Filter (EKF) and Particle Swarm Optimization
(PSO) are three of the most widely used algorithms for training feed forward Neural Networks (NNs).
This paper presents an accurate DGPS land vehicle navigation system using multi-layered NNs based
on the BP, EKF and PSO learning algorithms. The network setup is developed based on mathematical
models to avoid excessive training. The proposed methods use BP, EKF and PSO training rule, which
achieves the optimal training criterion. The NNs predict the Differential GPS (DGPS) corrections for
accurate positioning. The proposed methods are suitable for DGPS systems sampled at different rates.
The experimental results on measured data demonstrate the suitability of these methods for accurate
prediction of DGPS corrections. The experiments show that the prediction total RMS errors using NN
based on PSO learning algorithm are 1.03 metre and 0.65 metre, before and after SA, respectively.
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INTRODUCTION
The Global Positioning System (GPS) is a location system based on a constellation of about at least 24
satellites orbiting the earth at altitudes of approximately 11,000 miles. GPS was developed by the United States
Department of Defense (DOD), for its tremendous application as a military locating utility. The DOD's
investment in GPS is immense. However, over the past several years, GPS has proven to be a useful tool in
non-military mapping applications as well Mumford, (2003).
GPS satellites are orbited high enough to avoid the problems associated with land based systems, yet can
provide accurate positioning, 24 hours a day, anywhere in the world. Uncorrected positions determined from
GPS satellite signals produce accuracies in the range of 50 to 100 metres. When using a technique called
Differential GPS (DGPS) correction, users can get positions accurate to within 5 metres or less Kawamura and
Tanaka, (2006).
The main component of GPS positioning errors are resulted from time and space varying conditions of
radio wave propagation, which depend on atmospherics, disturbances in the satellite constellation, orbit stability
and also due to the U.S. military intentionally such as Selective Availability (SA), among other things. The
error caused by the transmitter and receiver operation precision or time-measurement accuracy is negligible
Mosavi, (2006).
This paper thus focuses on the continuity performance of the DGPS corrections. Differential correction
techniques are used to enhance the quality of location data gathered using GPS receivers. Differential correction
can be applied in real-time directly in the field or when post processing data in the office. Although both
methods are based on the same underlying principles, each accesses different data sources and achieves
different levels of accuracy. Combining both methods provides flexibility during data collection and improves
data integrity. From the nature of the DGPS corrections, the Neural Network (NN) modeling with different
learning algorithms like Back-Propagation (BP) is a suitable way to precisely predict the DGPS corrections
for a limited period Indriyatmoko et al., (2008).
BP is one of the most widely used algorithms for training feed forward NNs. However, it is seen from
simulations that it takes a long time to converge. Consequently, many variants of BP have been suggested. BP
can be shown to be a straight forward gradient descent on the least squares error. It has been shown recently
that BP converges to a local minimum of the error Phansalkar and Sastry, (1994).
The Kalman Filter (KF) provides a solution to the problem of estimating the state of process described
by linear stochastic dynamic models. In the case of a non-linear model, the Extended Kalman Filter (EKF)
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linearizes the model around the current state estimate and applies the KF to the resulting time-varying linear
model. The EKF was then very soon applied to the estimation of unknown parameters of linear dynamic
systems, by including the unknown parameters in the state of system. Recently, the EKF has also been used
for the estimation of unknown parameters of non-linear static or dynamic systems, thus to the training of NN
models, i.e. to the estimation of their weights, both for feed-forward networks and recurrent networks. It was
mainly shown that the EKF converges faster and to lower minima than recursive and non-recursive first-order
prediction error methods using the BP algorithm to compute the gradient of the cost function Rivals and
Personnaz, (1998).
Particle Swarm Optimization (PSO) is a novel evolutionary algorithm paradigm which imitates the
movement of bird's Xocking or Wsh schooling looking for food. Each particle has a position and a velocity,
representing the solution to the optimization problem and the search direction in the search space. The particle
adjusts the velocity and position according to the best experiences which are called the pbest found by itself
and gbest found by all its neighbors Zhao and Yang, (2009). PSO has been successfully applied in NN
training.
This paper proposes a multi-layered NN based on the BP, EK and PSO learning algorithms for DGPS
corrections prediction. Proposed methods validity is verified with experiments on collected real data. This paper
is organized as follow. Section II describes the proposed methods for DGPS corrections prediction using multilayered NN. In section III, the experimental results and discussions are reported with measured data.
Conclusions are presented in section IV.
Multi-layered Neural Network for DGPS Corrections Prediction:
Artificial NNs with massively parallel architecture and interconnection between them can approximate any
continuous function. The presence of the non-linear activation enables them to map the non-linearity of the
process.
The typical network has an input layer, an output layer and at least one hidden layer. There is no
theoretical limit on the number of hidden layers, but typically there is just one or two. The number of layers
and the number of processing element per layer are important decisions. They are the art of the network
designer. Multi-layer networks use a variety of learning techniques. Here, the output values are compared with
the correct answer to compute the value of some pre-defined error function. By various techniques, the error
is then fed back through the network. Using this information, the algorithm adjusts the weights of each
connection in order to reduce the value of the error function by some small amount. After repeating this
process for a sufficiently large number of training cycles, the network will usually converge to some state
where the error of the calculations is small. In this case, one would say that the network has learned a certain
target function. To adjust weights properly, one applies a general method for non-linear optimization that is
called gradient descent Alsmadi et al., (2009).
In this paper NNs are employed for prediction of DGPS corrections. They find an estimate of DGPS
corrections at time n+N, from the p time steps back from time n. We will show analyzing three learning
algorithms on MLP NN, including BP, EKF and PSO for decreasing error of DGPS.
A. NN Learning based on the BP:
This teaching process for a feed forward network normally uses some variant of the Delta rule, which
starts with the calculated difference between the actual outputs and the desired outputs. Training inputs are
applied to the input layer of the network and desired outputs are compared at the output layer. During the
learning process, a forward sweep is made through the network and the output of each element is computed
layer by layer. The difference between the output of the final layer and the desired output is back-propagated
to the previous layer(s), usually modified by the derivative of the transfer function and the connection weights
are normally adjusted using the Delta rule. This process proceeds for the previous layer(s) until the input layer
is reached Zainuddin et al., (2005).
Steps of BP algorithm are summarized as follows:
The error signal, ej(n) at the output of neuron j at iteration is defined by:
e j ( n)  d j ( n)  y j ( n)

(1)

Where dj(n) refers to the desired response for neuron j and is used to compute ej(n) and yj(n) refers to the
function signal appearing at the output of neuron j at iteration n.
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The objective of BP algorithm is to minimize ej(n); so that the desired response will be close to the actual
1 2
e ( n ) . Correspondingly,
2 j
1
the instantaneous value ξ(n) of the total error energy is obtained by summing e 2 j ( n) over all neurons in
2

response. We define the instantaneous value of the error energy for neuron j as

the output layer. We may write
 ( n) 

1
 e2 ( n)
2 jc j

(2)

Where the set c includes all the neurons in the output layer of network. Let N denote the total number of
patterns (examples) contained in the training set. The average squared error energy is obtained by summing
ξ(n) over all n and then normalizing with respect to the set size N, as shown by:
1 N
 av 
(3)
  (n)
N n 1
The objective of the learning process is to adjust the free parameters (i.e. synaptic weights and bias levels)
of the network to minimize ξav. To do this minimization, the weights are updated on a pattern by pattern basis
until one epoch, that is, one complete presentation of the entire training set. The arithmetic average of these
individual weight changes over the training set is therefore an estimate of the true change as would result from
modifying the weights based on minimizing the cost function ξav over the entire training set. In its most basic
form, it is a simple gradient optimization procedure:

 ( n )
w ji ( n  1)  w ji ( n )  
w ji ( n )

(4)

In the batch mode variant the descent is based on the gradient Δξ for the total training set:
w ji ( n )  

 ( n )
 w ji ( n  1)
w ji ( n )

(5)

Where ξ the cost is function being minimized, is a generic weight in the network, α is a momentum factor
and η is the learning rate or step size parameter Zainuddin et al., (2005).
BP can only be applied on networks with differentiable activation functions. Other typical problems of the
BP algorithm are the speed of convergence and the possibility of ending up in a local minimum of the error
function. Today there are practical solutions that make BP in multi-layer perceptrons the solution of choice
for many machine learning tasks.
B. NN Learning based on EKF:
The KF is a well-known method for recursive state estimation of linear dynamic systems and is a
minimum mean-square-error estimator. Through linearization, the EKF has been widely adopted for state
estimation of non-linear systems and can be used for state estimation of non-stationary processes because of
its tracking capability. EKF has been used to train MLP networks by treating weights of a network as the state
of an unforced non-linear dynamic system. Since it is a second-order learning algorithm, fast convergence is
expected Zhang and Li, (1999).
The learning procedure of NN with single neuron at network output using the EKF method can be
summarized as follows (Katio and Stankovio, 1996; Ibrahim and Tascillo, 2000; Huang and Chen, 2000):
T
1
A( n )  [ R ( n )  H ( n ) P ( n ) H ( n )]

(6)

K ( n )  P ( n) H ( n ) A( n)

(7)

W ( n  1)  W ( n )  K ( n ) ( n )

(8)

T
P ( n  1)  P ( n)  K ( n) H ( n) P ( n)  Q ( n)

(9)

In these equations, A is global scaling matrix required to compute the Kalman gain matrix for all weight
groups, R is diagonal measurement noise covariance matrix that acts as the learning rate for the algorithm, H
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is gradient matrix containing the gradients of each weight with respect to each output node, P is conditional
error covariance matrix, K is Kalman gain matrix, W is matrix of NN weights, ξ is error vector (the difference
between the desired and actual output of the network) and Q is additional positive process noise which
improves the performance of the algorithm.
C. NN Learning based on PSO:
To select the variables (weights in NN), we use PSO. The PSO algorithm is a population-based non-linear
optimization algorithm. The population is called swarm and each individual is called a particle. Each particle
has a position defined by coordinates in a certain search space. Each position of a particle yields a certain
personal fitness value according to the optimization criteria. Each particle has also a velocity, which is used
to change the coordinates at each iteration step of the optimization algorithm.
In our optimization problem the position of a particle corresponds to a certain selection of the input
variables and the fitness values of the PSO is the prediction error of the NN. At the beginning of the
optimization, the positions and velocities are initialized by assigning random values. At each optimization
j

iteration j the velocities Vi and the positions
Vi

j 1

Xi

Xi

j

of each particle i are updated by the following rules:

j
j
j
j
i
 Vi  c1r1 ( Pi  X i )  c2 r2 ( Pg  X i )

j 1

Where

(10)

j
j 1
 X i  Vi
Xi

j

(11)
j

is the current position of the i-th particle at the j-th iteration step, Pi is the best previous position
j

according to the best personal fitness value and Pg is the best global position corresponding to the best
previous position achieved by all particles. r1 and r2 are random numbers between 0 and 1. The other values
ω, c1 and c2 are optimization parameters of the PSO Cai et al., (2007).
Additionally to this standard PSO a random change of the coordinates in each iteration step is introduced
to avoid in a better way suboptimal local minima in the search space.
The procedure for PSO is summarized as follows:
(1)Initialize a population of particles with random positions and velocities of dimensions in the problem
space.
(2)For each particle, evaluate the fitness according to the given fitness function in variables.
(3)Compare current particle's fitness with its previous fitness. If current value is better than the previous,
then set value equal to the current value and the location equal to the current location in dimensional space.
(4)Compare fitness evaluation with the population's overall previous best position. If the current value is
better than, then reset, to the current particle's array index and value.
(5)Change the velocity and position of the particle according to equations (10) and (11), respectively.
(6) Repeat steps (2) to (6) until a criterion is met, usually a sufficiently good fitness or a maximum
number of iterations/epochs Chau, (2006).
The PSO can be employed for optimizing the weight of MLP NN as follows. It is assumed that Wi is the
connection weight matrix between the input and the hidden layer and Bi is the threshold matrix of the summing
units in hidden layer. It is further denoted as X i  (Wi , Bi ) , where i is represented as the index of the particle.
Thus in the optimal process of MLP NN, X becomes the optimization variables according to equations (10)
and (11).
Experimental Results:
Performance of the proposed NNs was evaluated by data sets that were collected in the Iran University
of Science and Technology. The optimal selection of proposed methods parameters was based on the
experimental results. Increasing the order of NNs and also training patterns improves the proposed NNs
performance. Increasing the order of NNs and training patterns increases the memory for software
implementation and also the structure complexity for hardware implementation. Therefore, a trade-off in
selecting the order of NNs and training patterns between CPU time and accuracy of methods is required. In
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this paper, the best structure for the proposed NNs is (3,5,1), i.e. three inputs in input layer, five neurons in
hidden layer and one neuron in output layer.
In preparing the training data, all input and output variables are normalized in the range [0,1] to reduce
the training time. Observation at time n is applied to NNs input and the network must predict the value of
instant n+1. For the prediction, problem is y(n)=x(n+1). After training the NNs, they were assessed by their
performance on the measured data set. For the convenience of comparison, we use Root Mean Square (RMS)
to measure the performance of our NNs as:
RMS 

1 iM
2
 ( di  yi )
M i 1

(12)

Where yi is the network output, di is the target value from the test data set and M is the number of tests.
Figures (1) to (6) show dx, dy and dz predictions for 1000 test data by using proposed NNs trained by BP, EKF
and PSO learning algorithms, before and after SA, respectively. The obtained results have been reported in
Tables 1 and 2.

Fig. 1: One-step prediction of DGPS corrections using MLP NN trained by BP learning algorithm (SA on)
Table 1: performance of DGPS corrections prediction using proposed NNs trained by BP, EKF and PSO learning algorithms (SA on)
Learning Algorithms
Parameters
X Component
Y Component
Z Component
BP
Max
5.8722
4.1216
6.2002
Min
-5.8251
-5.4896
-7.6102
Average
0.0188
0.0303
-0.0502
RMS
1.1288
1.2415
1.0747
EKF
Max
5.0747
2.6141
3.0174
Min
-2.8150
-3.5384
-7.4781
Average
0.0283
0.0400
-0.0707
RMS
0.8881
0.8899
0.8184
PSO
Max
2.6349
2.1746
1.6146
Min
-1.5704
-1.5617
-7.5426
Average
0.0163
0.0230
-0.0348
RMS
0.5511
0.6158
0.6016

852

Aust. J. Basic & Appl. Sci., 5(5): 848-856, 2011

Fig. 2: One-step prediction of DGPS corrections using MLP NN trained by BP learning algorithm (SA off)

Fig. 3: One-step prediction of DGPS corrections using MLP NN trained by EKF learning algorithm (SA on)
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Fig. 4: One-step prediction of DGPS corrections using MLP NN trained by EKF learning algorithm (SA off)

Fig. 5: One-step prediction of DGPS corrections using MLP NN trained by PSO learning algorithm (SA on)
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Table 2: Performance of DGPS corrections prediction using proposed NNs trained by BP, EKF and PSO learning algorithms (SA off)
Learning Algorithms
Parameters
X Component
Y Component
Z Component
BP
Max
1.5017
1.7745
1.5576
Min
-1.6887
-1.6569
-1.5302
Average
-0.0031
0.0160
0.0099
RMS
0.4249
0.4697
0.4247
EKF
Max
1.5303
1.4410
1.4936
Min
-1.5200
-1.6134
-1.4434
Average
-0.0009
0.0108
0.0078
RMS
0.3616
0.4144
0.3664
PSO
Max
1.5167
1.7497
1.4980
Min
-1.4875
-1.6156
-1.4418
Average
-0.0016
0.0065
0.0081
RMS
0.3607
0.3957
0.3571

Fig. 6: One-step prediction of DGPS corrections using MLP NN trained by PSO learning algorithm (SA off)
Table 3 shows the comparing total RMS error of DGPS corrections prediction using NNs trained by the
three learning algorithms based on the BP, EKF and PSO.
Table 3: Comparing total RMS error of DGPS corrections prediction using proposed NNs trained by BP, EKF and PSO learning
algorithms
Learning Algorithms
Accuracy with SA on
Accuracy with SA off
BP
1.9926
0.7626
EKF
1.5002
0.6609
PSO
1.0221
0.6435

As shown in Table 3, the NN trained by learning algorithm based on the PSO has better accuracy for
DGPS corrections prediction, since total RMS error of prediction in this method is lower than other methods;
so that the total RMS error reduces to less than 1.03 metre with SA on and 0.65 metre with SA off.
There are few papers (for examples Indriyatmoko et al., (2008) and Sang, et al., 1997) that estimate the
pseudo-range DGPS corrections using NNs. The proposed NNs in this paper have more accuracy than them.
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Conclusions:
The GPS represents one of the main systems for navigation aids. However, there are many errors
associated with the navigation solution of the GPS. In order to compensate for these errors and other errors
(satellite clock error, ephemeris error, multi-pathing, tropospheric delays, ionospheric delays, SA error and etc),
DGPS correction signal is needed. It allows civilian users of GPS to achieve greater accuracy than the GPS
signal alone is able to provide. In this paper, an innovative methodology based on NN was developed which
predicts pseudo-range corrections and compensates the GPS data in near time. The algorithm estimates and
maintains the accuracy of the pseudo-range predictions. The experimental results for the technique demonstrate
that the prediction method based on NNs allows the rover to effectively compensate for the communication
latency. The experiments show that the prediction total RMS errors using NN based on PSO learning algorithm
are 1.03 metre and 0.65 metre, before and after SA, respectively.
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