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Artific,ial neural networks have been studied for many years 
in the hope of achieving human-like performance in many fields. 
One of these fields is to use neural networks to solve highly non- 
linear control systems. Multilayer feedforward neural network 
has proven to be a very powerful tool in this field. Neverthe- 
less, such a network suffers from a very time-consuming training 
procedure. In this paper, based on radial-basis function and re- 
current neural network, we develop two different neural network 
systems for backing up a computer simulated truck to a loading 
dock in a planar parking lot. In our simulations, these two neu- 
ral networks are all capa.ble of learning from the training samples 
and performing generalization, therefore provide viable alterna- 
tives to the multilayer feedforward neural network for real-world 
applications. 

1 Introduction 

Since the first appearance of learning theories and neural 
processing in the 1940s, many researchers have focused on the 
theoretical frameworks and mathematical foundations of neural 
networks, or artificial neural networks to  be more precise. Having 
understood the computational principles, we may be able to use 
artificial neural network as a tool to solve currently difficult-to- 
solve or even unsolved problems. 

Neural networks consist of many parallel processing units 
which usually perform some nonlinear computations. These units 
are known as neurons. There are connections between these 
neurons specified by some varying strengths known as synap- 
tic weights. 'These weights are adjusted to store the knowledge 
acquired during a training process. The procedure used to per- 
form the training is called a learning algorithm. The purpose of 
learning algorithm is to gradually update the synaptic weights 
of the neural networks in order to obtain the desired responses 
in an optimal way. An excellent introduction of neural networks 
is provided by R.L. Lippmann[l]. It is the abilities of learn- 
ing, adaptation, generalization, and fault tolerance that make 
the neural networks suitable tools for real-world applications in 
signal processing, speech recognition, visual perception, control 
and robotics. 

2 Neural Networks 

Successful applications of neural networks cover a wide range 
in diverse fields. Most of the applications deal with classification 
or function approximation and interpolation. Interpolation in- 
L-olves the construction of a system which learns a mapping from 
the relationship of the input and output sample spaces. This 
system also generalizes when new inputs are presented to it.  

2.1 Multilayer feedforward network 

The most widely used neural network model that is used to 
solve problems by researchers is probably the multilayer feedfor- 
ward network. Typically, this kind of networks consist of three 
or more layers. A multilayer feedforward network with one hid- 
den layer is shown in Figure 1. The first layer is composed of 
a set of source nodes where the input samples are presented. 
There are one or more intermediate layers known as hidden lay- 
ers. which lie between the input layer and the final output layer. 
These intermediate layers and the output layer are composed" 
of computational nodes which perform predefined nonlinear op- 
eration. The knowledge of the network that has been learned 
from the input-output pairs during a training process is stored 
in the synaptic connections between these layers in the form of 
adjustable weights. 

Typically. the adjustments of weights are learned with a well 
known and popular algorithm ~ error back-propagation algo- 
rithm. This algorithm basically has two stages: a data feedfor- 
ward stage and an error back-propagation stage. In the data 

Figure 1: 
layer. 

A multilayer feedforward network with one hidden 
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feedforward stage, an input pattern is applied to the input layer, 
then the output of the first layer is propagated as the input to the 
intermediate layer through the network until it reaches the out- 
put layer and produces a network out,put. During the feedforward 
stage. all weights are fixed. It is until the backward stage that 
the weights get updated. The network output is compared to the 
desired output l,o generate an error signa.1. This error signal is 
crucial in the backward stage. During the error back-propagation 
stage, this error signal is propagated from the output layer to the 
intermediate layer. Each of the synaptic wcig,hts between layers 
along the back-propagation path is then updated or adjusted with 
a small amount which depends on how much it contributes to the 
output error. The purpose of updating thc synaptic weights is to 
drive the network output closer to the desired output. 

The error back-propaga1,ion algorithm is summarized as fol- 
lows: 

1. During feedforward stage, each node J i n  the hidden layer 
produces an output yl:  

M 

z = i  

where f is an activation function. 
logistic function and hyperbolic tangent. 

Typical examples are 

2. During feedforward stage, each node k in the output layer 
produces an output ok: 

N 

j=1 

3 .  Define the error function: 

I L  
E = ~ c ( d k  - Ok)’ 

k = l  

whpre d is the desired output 

(3) 

4. The weights that connect the hidden layer and the output 
layer are then updated by gradient descent during error 
back- propagation st age: 

where 1 he learning-ratc 9 is a constant t l i c i t  determines the 
rate of learning. 

5. The weights that connect the input layer and the hidden 
layer are also updated by gradient descsnt during error 
back-propagation stage: 

2.2 Radial-Basis Function Networks 

The radial-basis functions were first used i n  neural networks 
by Broomhead and Lowe and then improved by many other 
researchersj2][3]. Examples of applications are Kohoneri’s self 
organize feature map (SOFM) and restricted Coulomb energy 
(RCE) networks. Radial-basis function networks are quite dif- 
ferent from 0th“ neural networks. As we can see from Figure 
2, radial-basis function network contains three layers: one input, 
layer, one liidderi layer, and also one output layer. Each layer 
is fully connected tb the one following. The first layer scrves as 
source nodes. The hidden layer is made up of radial-basis func- 
tion nodes with a predetermined centroid for each node. The 
output of each .node is then computed as a function of the dis- 
tance from the input to the centroid of this node. Typical choices 
of the functions are Gaussian function, thin plate spline, multi- 
quadratic function, etc. The most popular and widely used one is 
probably Gaussian function, which has a peak at the center and 
decreases rnonotonically as the distance increases. This is fol- 
lowed by weighted summing the outputs of radial-basis function 
nodes to give the final network outputs. In general, a radial-basis 
function network is specified by three sets of parameters: the cen- 
troid c,, the spreading parameter ut that controls the shape of 
each node, and {,he synaptic weights t u j 2  that connect the radial- 
basis layer to  the output layer. 

Based 011 the parameters required for the radial-basis func- 
tion, the training algorithm can be determined in three successive 
steps: 

1. First, the centroids are determined. 

The simplest technique is to choose randomly from the 
training data as the centroids. However, in such case the 
number of centroids must be relatively large and distributed 
evenly in corder to cover the entire input domain. Many 
well-known clustericg algorithms are available for determin- 
ing the centroids. We have applied an improved approach 
known as “K-means clustering algorit,hm” to det,ermine the 
centroids in our case. The E(-means clustering algorithm 
finds a set of cluster centers and a partition of the training 
data into these clusters. Each of the training data i s  parti- 
tioned to  the cluster with the nearest center. Each cluster 
center then define a RBP node in the RBF network. 

d E  doh dnetk dy ,  dnet, 
Figure 2: 
node. 

A Radial-Basis-Function network with one outp11t - - VJZ - 1) d-----p 
k=l o k  dnetk dy, dnet, 8v,, 
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2. The spreading parameters can be determined by various 
methods. In our case, the P-nearest-neighbor-rule is used 

where cj is the P-nearest-neighbor of c,. 

3. Having obtained the centroids and spreading parameters: 
the network output can then be computed as 

N 

Y(k) = W O  t C W d 2 ( 1 1 . ( q  - czI1) ( 7 )  
2 = 1  

for the input sample z ( k ) .  4, the kernel function, is cho- 
sen to be a Gaussian function. Let G(k)  denote the desired 
output for the input sample z ( k ) .  In our case: the stan- 
dard least-mean-square algorithm will be used to adjust 
the weights which connect the radial-basis function layer 
and the output layer as 

where p is the learning rate and e k  = i(k) - y(k)  denotes 
the output error. 

2.3 Recurrent Neural Network 

A recurrent neural network differs from a feedforward neural 
network in the fact that there are no restrictions on the place- 
ments of synapes in a recurrent network. This makes all kinds of 
feedbacks and connections possible and achieves the full compu- 
tational power of neural networks. With such a general architec- 
ture, recurrent neural networks have important capabilities not 
found in feedforward networks, such as attractor dynamics and 
the ability to identify a time-varying system. 

Various learning algorithms in recurrent neural networks have 
been proposed. Algorithms for associative memory networks 
which are recurrent networks settling to  stable states have been 
proposed by Hopfield[4] and Pineda[5]. However, Jordan[G], Gal- 
lant and King[7], and Pearlmutter[8] develop algorithms to train 
recurrent networks to handle time-varying systems. The algo- 
rithm to be used in our paper is real-time recurrent learning al- 
gorithm for completely recurrent networks running in continually 
sampled time devised by R. J. Williams and D. Zipser[S]. 

The real-time recurrent learning algorithm exhibits the gen- 
erality of the backpropagation-through-time approach without 
the growing memory requirement in arbitrarily long training se- 
quence. With the feedbacks from the output layer, a small recur- 
rent neural network can well simulate a time-varying and non- 
linear system. 

A typical real-time recurrent neural network is. shown in Fig- 
ure 3 .  It consists of two layers: output layer and input layer. The 
output layer includes output and hidden neurons. Some or all of 
the output/hidden neurons are delayed and fedback to the input 
layer. Therefore, the input layer consists of delayed output and 
external input. The algorithm proceeds as follows: 

output 

. . .  . 

input 

Figure 3:  A Recurrent Neural Network. 

1. Forward process: compute output y, for all 3 t C as 

YAn) = f ( 9 ( n ) )  = f (  c %(n)uz(n)) 
zEAUB 

2. Backward process: with 

r W ( 0 )  = 0 

(9) 

compute error gradient as 

j.5 0 

3. Weight updates: 

where 

A: external input neurons 

B: feedback output/hidden neurons 

0 desired output neurons 

C: all output/hidden neurons 

U ; :  neurons of input layer where i E A U B 

S k j :  Kronecker delta function 

7: learning rate 

wj;: weight between output/hidden neuron j and input neu- 
ron i 

f logistic function, f ( u )  = & 
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3 Truck Backer-Upper Control Sys- 
t em 

Many of the control problems involve input-output mapping. 
In this paper, we are going to use the neural networks that we 
have mentioned in the previous sections as tools to solve a control 
problem. The problem we have chosen is a truck backer-upper 
control system. This truck control system, which corresponds 
to a highly nonlinear control problem, is originally proposed by 
Nguyen and Widrow[lO][ll]. We are going to 'develop the neural 
truck control system which is based on differenl, architectures and 
training algorithms. 

Figure 4 shows the simulated truck and loading zone. The 
truck is determined by three state variables 4,  5, and y where 

0 5 x 5  100 
-90 5 4 5 270 
-30 5 0 5 30 

The trained neural network is going to ganerate a proper steer- 
ing angle @ to control the truck while backing up to a loading 
dock from an arbitrary initial position and arbitrary angle 4 of 
the truck with the horizontal axis. During the process, only back- 
ing up is allowed, and the truck stops when it hits the loading 
dock. 

The architecture of our neural truck controller is shown in 
Figure 5. The controller consists of two portions. The first part 
is a neural steering controller which genera,tes an output of the 
steering-angle to be as the input to the next part of the system. 
The appropriate steering-angle depends on the state variables 
(z, y, 4) .  The next part of the system is a truck emulator which 
is used to estimate the next state of the truck according to the 
current state of the truck and the input of steering-angle. Instead 
of a real emula.tor, it is a simple kinematic equationll21. If the 
truck moves backward from (2, y) to (z', y') at an iteration, then 

x' = x +rcos(#) 
y' = y +rcos(#) 
# = 4 + 0  

where r dcnotes the fixed driving distance of the truck for all 
backing up movements. 

We will use back-propagation network, radial-basis function 

100 

50 

0 

i rea.r 

0 50 100 front 

Figure 4: Simulated truck and loading zone. 

Figure 5: Neural truck controller system. 

network, and recurrent neural network separately as the steer- 
ing controller. That is we are going to train these neural net- 
works with some sets of input-output samples. Since the op- 
timal steering-angle for all the combinations of states are not 
available for the training sets, we have developed a simple fuzzy 
truck controller similar to the one proposed by S.G. Kong and B. 
Kosko[l2] with 9 fuzzy associative memory (FAM) instead of 35. 
This fuzzy truck controller only serves as a nonlinear function 
generator while the neural networks serve as function approxi- 
mators. They will1 learn from the samples generated by the fuzzy 
truck controller and back up the truck appropriately. 

4 Simulations and Discussions 

In order to train the neural network controllers, we will need 
training samples to teach those networks. We have generated 
525 samples from eleven different initial positions. These ini- 
tial positions sta.rt from (0,20) with a 5 increment in z direction 
until 100 is reached. At each initial position, the angle of the 
truck with the horizontal is changed from -90" to 270" with a 
15" increment. For each combination of ( x , 4 ) ,  the fuzzy con- 
troller produces an output steering-angle B.  This vector (z ,4 ,0)  
constitutes a training sample for the neural network controllers. 
These samples defined a control surface in a three dimensional 
product-space. 'The neural networks will learn from the samples 
and generalize a control surface close to the fuzzy one. 

The first experiment we conduct is a three layer feedforward 
neural network. The first layer has three nodes served as the 
inputs of th'e truck state (z, y,&). Various numbers of hidden 
nodes are used in the hidden layer for the purpose of comparison. 
The final layer has one node and produces the steering-angle 
as its output. The error back-propagation algorithm is used to 
adjust the weights between layers. The 525 training samples are 
presented to the network in one epoch. The olitput error for 
ea,ch sample is accumulated. This error is then used to adjust 
thc weights as mentioned in thc previous scction. The process is 
continued until the output error is converged to a desired small 
value. The control surfaces of the  trained networks are shown in 
Figure 6. As we can see from these control surfaces, the multilayer 
feedforward network has shown its superiority in generalization. 
Even with a smaIl number of hidden nodes, the network can still 
learn from the samples and perform generalization. 

The radial-basis function neural network controller is also 
trained for comparison. The training samples are initially clas- 
sified into a number of clusters to make close samples in the 
input space t,o be: placed in the same cluster. Many well-known 
clustering algorithms are available. We have used the K-means 
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algorithm in our case. ' lhe geometric mean of each cluster is 
taken as the centroid vector. Various methods are also a\-ailal,le 
for determining the spreading parameter too. \<:e simply USC thr 
P-nearest-neighbor rule to det,erminP the spreading paramctrr for 
each cluster. After the centroids and spreading parameters are 
determined. the only work left, is to adjust the weights to haw 
the desired outputs based on the accumulated error iii the output 
in one epoch. The adjustments of weightas are continued until the 
error converges. The control surfaces of the trained network? are 
shown in Figure 7. The error curves during training arr  shon.11 
in Figure 8 with the curves generated by multilayer feedforwarti 
network for comparison. 

Comparing Figure 7 to thr  control surfaces generated hy the 
multilayer feedforward network in Figure 6. we can find out that 
the RBF network do require more RBF nodes than the multi- 
layer feedforward network in order to have similar generalization 
property. The reason is that the RBF network is mainly com- 
posed by locally-tuned RBF nodes. Each locally-tuned node will 
constitute a control surface, determined by the centroid and the 
spreading parameter, to cover a portion of the input space. The 
control surface generated by the RBF network is composed by 
a weighted accumulation of the surface generated by each of the 
RBF node. Therefore, it is fundamental to ha\-? sufficient nuim 
her of RBF nodes to cover the entire input space. The nuinher 
of RBF nodes required in the network is a. trade-off. If the iiuiii- 
ber is too small, then the network is unable to learn the relei-ant 
information from the samples therefore fails to generalize. If the 
number is too large, the network begin to memorize and there- 
fore sacrifice the smoothness property for generalization. Are can 
also notice that the converge speed of these networks from Fig- 
ure 8. The radial-basis function network only requires a few 
hundreds to  converge to a certain degree while the multilayer 
feedforward network requires a few thousands. Moreover, in the 
least-mean-square sense, the time required to adjust the weights 
for the radial-basis function is less than the time required for 
error back-propagation in the multilayer feedforward network 
one epoch. 
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Figure 6 :  Control surfaces: (a) fuzzy controller; (b) BP controller 
with 5 hidden nodes; (c) BP controller with 10 hidden nodes; (d) 
BP controller with 25 hidden nodes; (e) BP controller with 50 
hidden nodes; ( BP controller with 100 hidden nodes. 
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Figure 7: Control surfaces: (a) fuzzy controller; (b) RBF con- 
troller with 5 RBF nodes; (c) RBF controller with 10 RBF nodes; 
(d) RBF controller with 25 RBF nodes; (e) RBF controller with 
.50 RBF nodes; ( f )  RBF controller with 100 RBF nodes. 

The recurrent neural network is also trained with the algo- 
rithm mentioned previously. But the result is unsatisfactory. 
N i t h  the same set of training samples, the error is not able to 
converge. This indicates that the recurrent neural network fails 
to learn any relevant information from the training samples. The 
reason is that  t,hese training samples are not sequentially relevants 
so that the output feedback of RNN is meaningless. Therefore: 
the training samples from a complete path of truck that are se- 
quentially relevant are needed for RNN. A four output nodes 
RNX with all the four nodes are fed back to the input is trained 
in our simulation. The control surface and its error curve are 
shown in Figure 9. Future research will be concerned with the 
optimal number of nodes and feedbacks in the stand point of 
generalization. 

Figure 8: Error curves of (a) the multilayer feedforward network; 
(b) the radial-basis function network. 
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Figure 9: (a) control surface of RNN controller; (b) error curve 
during training. 

These three different trained neural network controllers, are 
tested with arbitrary initial states. During the tests, the weights 
are fixed. The initial state is presented to the input layer. The 
neural controller will generalize the appropriate steering-angle 
according to the information it learns from i he samples. The 
steering-angle is fed into the truck emulator to calculate the next 
state of the truck. And then, the next state of the truck is pre- 
sented to the input layer for the appropriate steering-angle again. 
Two of the tests are illustrated in Figure 10 and 11. As we can 
see from the results, these neural network controllers are all ca- 
pable of backing up the truck to the loading zone from a variety 
of initial positions as long as there is sufficient clearance. 

Figure 10: Truck trajectories for initial state (30,10,220') gener- 
ated by (a) a fuzzy controller with 9 FAMs; (b) it multilayer feed- 
forward neural controller with 10 hidden nodes; (c) a radial-basis 
function neural controller with 25 RBF nodes; (d) a recurrent 
neural controller with 4 output nodes. 

Figure 11: Truck trajectories for initial state (30,40, -10") gener- 
ated by (a) a fuzzy controller with 9 FAMs; (b) a multilayer feed- 
forward neural controller with 10 hidden nodes; (c) a radial-basis 
function neural controller with 25 RBF nodes; (d) a recurrent 
neural controller with 4 output nodes. 

5 Conclusions 

In this paper we have tested the abilities of various neu- 
ral networks to generalize from the training samples. For the 
problem we chose, the truck backer-upper control system, the 
results show that these neural networks are all capable of gener- 
alization. In this case, the control surface generated by the fuzzy 
controller is though nonlinear but not very complicated, the mul- 
tilayer feedforward network is able to generalize with less hidden 
nodes. When the control surface gets complicated, more neurons 
must be needed. In contrast to the lengthy training time required 
for multi1aye.r feedforward network, the radial-basis function net- 
work is an attractive alternative. RBF network offers shorter 
training time and even better performance with the centroids 
and spreading parameters chosen properly. 

Though the rea!-time recurrent learning (RTRL) algorithm is 
nonlocal and suffers from a lack of stability and slow convergence 
speed, a very small network is sufficient for truck backer-upper 
control system. Such a compact network makes the training time 
acceptable. It is found that the desired output should be fedback 
for convergence while the feedback of hidden neurons can speed 
up the convergence and improve the generalization ability. The 
generalization capability of RNN is not better than BP's in our 
simulations. We believe this is because we only use delayed out- 
put of order one (i.e. only the latest output is fedback). With 
higher order delayed output, RNN is expected to perform much 
better. Further investigations will be conducted in the future. 
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