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Abstract 

The Gabriel network is an alternative to the self

organising feature map (SOFM) that adapts the topo

logical neighbourhood relationships between the map 

neurons to the underlying topology of the data. We 

detail the implementation of the Gabriel network and 

present simulation experiments that compare the per

formance of the Gabriel network with the SOFM. We 

show that the Gabriel network maps to the hexagonal 

grid structure of the 2D SOFM when the SOFM and 

data topologies match. However when there is a mis

match we show that the SOFM has difficulty with both 

mapping to data of different dimension and or data with 

different boundary relations whereas the Gabriel net

work has no such difficulty. We also show that proper 

consideration needs to be given in the selection of the 

training parameters for the Gabriel network especially 

when the underlying data space changes, otherwise re

ordering of the map is not performed. Our analysis 

shows that this not only depends on the neighbourhood 

size but the timing of the Gabriel graph adjustments. 

1 Introduction 

[3, 4], information organisation [5), feature extraction 

and classification [6) and knowledge processing [7). 

In the standard form of the SOFM the neighbour

hood relations between neurons have to be defined in 

advance. The most typical configuration is that of a 

regular 2D rectangular or hexagonal grid. In order to 

properly preserve the underlying topology of the input 

data manifold the neighbourhood relations between the 

neurons have to match that of the data. However, prior 

knowledge of the data manifold structure is usually un

available. The dimensionality mismatch between the 

input data space and the map space has been anal

ysed elsewhere [8). One solution to this problem is to 

self-organise several maps of different map space topol

ogy, measure their degree of neighbourhood preserva

tion, and select the map with the optimal preservation 

value. Several definitions and measures for neighbour

hood preservation have been developed for this purpose 

[9, 10, 11). 

An alternative approach is to redefine the SOFM to 

allow dynamic or adaptive adjustments or growth of 

the map topology to more accurately track the under

lying data manifold topology. Examples of such algo

rithms include the topology representing network [12], 

the growing cell structure algorithm [13), and the Grow-

Map based neural networks constitute an important ing Self-Organising Map (GSOM) [14). 

class of information processing systems, and the most Another approach to dynamically adapt the neigh-

well-known map based neural network is the self- bourhood relations is to replace the fixed grid of the 

organising feature map (SOFM) network [1) trained SOFM by a graph theoretical mapping of the neurons 

using the Kohonen algorithm (1, 2). The SOFM can which can adapt to the underlying data manifold topol-

be used for applications involving vector quantisation ogy and serve to define the neighbourhood distance be-
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tween neurons for ordering and convergence of the map 

during training. Kangas et al. [15] proposed a minimal 

spanning tree representation of the map neurons which 

is periodically re-adjusted during the training process. 

Another approach which produces a more completely 

connected map is the Gabriel network of Mou et al. 

[16] . In this paper we elaborate further on the use of the 

Gabriel network as an alternative to solving the topol

ogy preservation problem of the SOFM and present ex

perimental simulations comparing the Gabriel network 

with the SOFM. 

In the following section we describe the standard 

SOFM algorithm and then introduce the Gabriel net

work algorithm in the third section. Central to the op

eration of the Gabriel network is the definition of the 

Gabriel graph 'topology and calculation of the shortest

path distance between neurons at each readjustment of 

the Gabriel graph. A description of these calculations 

is provided in the fourth section. To properly assess 

the performance of the Gabriel network simulated ex

periments with known data manifolds are carried out 

in the fifth section to empirically compare the conve~

gence and topology preservation of the Gabriel network 

with the SOFM. 

2 Self-Organising Feature Maps 

The Kohonen algorithm is a well-known learning rule 

for training self-organising feature maps. It has been 

described in numerous publications, in particular [1]. 

We present the salient aspects of the algorithm with 

particular emphasis on the topological definition of the 

SOFM. This will allow us to both establish the nota

tion used in the subsequent sections and lead to our 

definition of the Ga.briel Network. 

The SOFM predefines the neighbourhood relations 

between neurons. Typically a 2-dimensional relation

ship is used, either a rectangular or hexagonal grid 

structure with the neurons forming the vertices of the 

grid and the edges representing the distance between 

neurons. Each neuron i has an associated weight vec-
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tor, wi, of the same dimension as the input data space. 

Note that the dimension of the weights and input data 

space is not related to the output or map space dimen

sion of 2 of the neuron topology just described. How

ever it is expected that the inherent dimension of the 

input or data manifold be the same as the output space 

dimension. For example, a data manifold representing 

data from a hyperplane located in R3 has an input di

mension of 3 but an inherent dimension of 2. 

We first define the notation that we will use. Let M 

represent the space of neurons and/or weight vectors 

and N the space of training data vectors. Further

more let m be the dimension of the map space (usually 

fixed at m= 2 for the SOFM defined here) and n the 

dimension of the input data space and neuron weight 

vectors. Then we can define dn ( x, y) as the Euclidean 

distance between the vectors x and y drawn from Rn. 

We define dm(i,j) as the neighbourhood distance be

tween neurons i and j. This depends on the topological 

structure of the map and is most easily calculated for 

any regular grid by defining the grid in Rm and calcu

lating the Euclidean distance between the grid points 

corresponding to neurons i and j. Usually the size of 

the grid is chosen so that adjacent neurons are of dis

tance 1. As already stated, w;, represents the weight 

vector associated with neuron i. We define v to repre

sent an arbitrary data vector used to train the network. 

We also need to define the learning rate parameter, t, 

and the width parameter, a. Both of these parameters 

decay throughout the learning or training. There are 

various ways these parameters can be decayed. For this 

paper we decay the parameters at each time-step,t, by: 

t(t) = t(t- 1)R!IT 

a(t) = a(t- 1)R~IT 

(1) 

(2) 

where t(O) and cr(O) are the initialised values and 

R, and Rrr are the corresponding decay factors. T is 

the number of iterations used for training the network. 

Note that the decay factors are non-negative real num

bers < 1. This form of decay also allows us to specify 
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the final parameter values since c(T) = E(O) * R, and 

u(T) = u(O) * Ru· 

The Kohouen algorithm proceeds as follows: 

1. Initialisation: Initialise the weight vectors Wi of all 

neurons i to random data vectors from the training 

set. Define the training parameters: E(O), u(O) ,R., 

Ru and T. Set the iteration count, it eT = 1. 

2. Winne-r: Select a data vector v at random from 

the training data and find the neuron c which has 

the closest We to v than any other neuron, i.e., 

c: d,(wc,v) = mindn(wJ·,v) 
jEM 

VIe term neuron c the winning neuron. 

(3) 

3. Update Neu-rons: We now update all neurons i ac

cording to the following rule: 

where 

.r(·) ( d~(i,c)) 
.IVc ~, c = exp -

2 
·) 

u-

(4) 

(5) 

represents the neighbourhood function around c. 

The update rule effectively moves or adapts the 

winning neuron, c, and neighbouring neurons to-

wards the data vector v with far neighbours being 

less affected than near neighbours. 

4. Par-ameter· Adj-ustment: The t: and u parameters 

are decayed according to Eqn. 2. 

5. Next Itemtion or· Te-rmination: If iter 2:: T then 

training has finished, otherwise iter- = iter+ 1 and 

go back to step 2. 

3 The Gabriel Network 

One of the problems with the predefined topological 

neighbourhood relation between the neurons is that if 

the inherent dimensionality of the input data space is 

different from the dimension of the map space, M, then 

the map "breaks down" since there is no preservation of 

the topology between the input and map spaces which 
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is an integral part of the SOFM. A solution to this 

problem is to use dynamically defined neighbourhoods 

based on graph theoretical or geometrical structures 

like the minimal spanning t-ree (MST) as discussed in 

[15]. However, the MST has a very small degree of con

nectivity which would make it difficult to capture the 

global characteristics of the data manifold. The Delau

nay t-riangulation (DT), on the other hand, has a very 

high degree of connectivity which would lose local fea

tures in the data. The Gabriel gmph (GG) [17] is a 

compromise graph structure which we will show yields 

a similar structure to the hexagonal grid of the SOFM 

in the case of data with an inherent dimension of 2. 

Thus the GG has the right degree of connectivity as 

is required by the SOFM for capturing the local fea

tures of the data as well as the global characteristics 

of the data but without the restriction of a predefined 

neighbourhood structure. 

In the context of the Gabriel Network (GN) the GG 

is a graph in which the neurons i and j are connected 

by a link if and only if the corresponding weight vectors 

satisfy: 

where llwi- Wjii is the Euclidean distance between 

the weight vectors Wi and Wj. In other words, the two 

neurons are connected if and only if the smallest hy

persphere enclosing the corresponding weight vectors 

contains no other weight vector corresponding to neu

rons in the graph. 

A new parameter that needs to be defined for the 

Gabriel network is T9 for the readjustment or recalcu

lation of the Gabriel graph. In the next section the 

algorithm used to recalculate the Gabriel graph will be 

described. Since we expect the map to have stabilised 

near the end of the training the Gabriel graph is ad

justed most often at the beginning of training and less 

so at the end. This is a departure from the fixed adjust 

rate used in [16]. We adapt T9 according to the rule: 

( ) _ ) 1/T T9 t . - T9 ( t - 1 RT • (7) 
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Since we are growing T9 the growth factor RT
9 

has to 

be> 1. 

The Gabriel network training algorithm proceeds in 

a similar fashion to the Kohonen algorithm just de

scribed: 

4 

1. Initialisation: Initialise the weight vectors as de

scribed previously. Set iter= 1. 

2. Adj-ust the Gabriel gmph: The Gabriel graph for 

the map is readjusted and the shortest-path dis

tance matrix, Dm , between all neuron pairs is cal

culated. Set the Gabriel rate count giter = 1. 

3. Winner: The next data vector is presented to the 

network and the winner is calculated as described 

previously. 

4. Update Neur-ons: The neurons are updated as de

scribed previously except that d,., ( i, j) now defines 

the shortest-distance path between neurons i and j 

in the Gabriel graph and is obtained directly from 

5. Parameter Adjustment: The c::, a and T9 parame

ters are decayed according to Eqns. 2 and 7. 

6. Next Iteration or Ter"mination: Let iter = iter+ 1. 

If iter > T then training has finished. If giter = T9 

then go back to step 2 to adjust the Gabriel Graph. 

Otherwise, let giter = giter+ 1 and go back to step 

3. 

Algorithm Implementation 

The Gabriel network relies on the underlying topolog

ical relationship between neurons to be defined by the 

Gabriel graph according to Eqn. 6. However, the cal

culation of the Gabriel graph also requires calculation 

of the shortest-path between all neurons (or nodes) 

needed for calculating the neighbourhood update of the 

neurons. 

In the following implementation description, a ma

trix, W, has corresponding matrix elements w(i.j) for 

the ith row and jth column respectively. 
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The calculation of the Gabriel graph and shortest

path proceeds as follows: 

1. Calculate Weight Distance Matrix, Wm: 

(8) 

2. Calculate Adjacency Matrix, Am: 

i=j 

am(i , j) = 

0 

1 Wm(i,j) < Wm(i,k) + Wm(j, k) 

Vk -::j:. i,j 

00 otherwise 

(9) 

The adjacency matrix defines the Gabriel graph 

and also the cost function between nodes i and j. 

3. Calculate Shortest-Path Matrix, Dm: Since the 

shortest-path between all nodes is needed the 

Floyd-Warshall' algorithm is used (18). The fol

lowing code in C defines the algorithm: 

I* Initialise the distance matrix to the *I 
I* adjacency or cost matrix 

for (i=O; i < NumNodes; i++) 

for (j=O; j < NumNodes; j++) 

d[i] [j] a[i] [j]; 

I* Calculate the shortest-path between *I 
I• the nodes i and j •I 

for (k=O; k < NumNodes; k++) 

for (i=O; i < NumNodes; i++) 

for (j=O; j < NumNodes; j++) 

{ 

} 

NewDistance = d[i][k] + d[k][j]; 

if (NewDistance < d[i][j]) 

d[i][j] = NewDistance; 

In the above d(i)[j) = dm(i , j), a[i](j] = am(i , j) 

and NumNodes is the total number of neurons in 

the map. 

Not surprisingly the Floyd-Warshall algorithm tends 

to be the most computationally expensive part of the 
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training algorithm as it is O(NumNodes3
). Some ef

ficiencies are possible given that dm(i,j) = dm(j, i). 

Nevertheless an important consideration is to minimise 

the number of times the Gabriel graph has to be re

adjusted. The proposed adaptive form of T9 is a first 

attempt to address this issue. 

5 Comparison of the GN and 

SOFM 

Several experiments were conducted to test and com

pare the effectiveness of the Gabriel network and SOFM 

using different data manifolds. A 2D hexagonal grid 

structure was used for the SOFM. 

5.1 Parameter Values 

In choosing the parameter values for the experiments 

presented in this paper some preliminary investigations 

were performed and the following comments can be 

made: 

• Unlike the SOFM the Gabriel network is ordered 

since the Gabriel graph is initially generated from 

the same space as the weights. Thus there is no 

need for a large neighbourhood and good conver

gence should be possible with fewer iterations. On 

the other hand the SOFM topology is predefined 

so ordering is needed which requires a larger neigh

bourhood and only some tuning or convergence 

of the map is required using a smaller neighbour

hood. The Gabriel network, on the other hand, 

requires convergence of the map to properly de

fine the topology with automatic ordering of the 

map at each Gabriel graph adjustment. Thus both 

the SOFM and Gabriel network were assigned the 

same number of iterations but different neighbour

hood sizes. 

• It was observed that the proposed adaptive Gabriel 

graph adjustment rate did not yield significantly 

different results than a simple fixed adjustment 
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11 GN SOFM 

E(O) 0.5 0.5 

a(O) 1.0 10.0 

R< 0.04 0.04 

Ru 0.1 0.05 

T 10000 10000 

NumNodes 500 500 

T9 (0) 200 -

Rro 5 -

Table 1: Experimental parameters used for the GN and 

SOFM 

rate. This was attributed to the initialisation strat

egy and neighbourhood size adopted in the exper

iments. A separate experiment was carried out to 

investigate this further using the TwoSquare data 

manifold. 

The Gabriel network and SOFM parameters used in 

the experiment are shown in Table 1. 

5.2 Input Data Manifolds 

There seven different data manifolds simulated and 

tested by the Gabriel network and SOFM. These are 

described below: 

FillSqr Data from a 2D input space selected uniformly 

within the unit square centred at the origin. The 

inherent dimension of this manifold is 2D. 

Circle Data from a 2D input space selected uniformly 

around the circumference of the unit circle centred 

at the origin. The inherent dimension of this man

ifold is 1D. 

FillCir Data from a 2D input space centred selected 

within the unit circle centred at the origin. Data 

density is non-uniformly inversely proportional to 

the radius since points are generated by random 

selection of the radial and angular co-ordinates. 

The inherent dimension of this manifold is 2D. 
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FillUCir Same as FillCir except that data is selected 

uniformly within the unit circle. 

Circle3d Data from a 3D input space selected uni

formly around the circumference of the unit circle 

centred at the origin in the XY plane. The inher

ent dimension of this manifold is lD. 

Sphere Data from a 3D input space select uniformly 

around the surface of the unit sphere centres at the 

origin. The inherent dimension of this manifold is 

2D. 

TwoSquare Data from a 2D input space selected uni

formly within two unit squares, one centred at the 

origin, the other displaced 3 units along the verti

cal axis. The inherent dimension of this manifold 

is 2D. 

5.3 Results 

The results of the converged maps after training is 

complete for each of the data manifolds are shown in 

Figures 1 to 12. The plots show the data as uncon

nected points in the lighter colour. The weight vectors 

of the neurons in the map are shown as black dots with 

the topological relationship indicated by the connecting 

black lines. For the SOFM this topology is fixed at a 

2D hexagonal grid. For the 3D input space (data man

ifolds Circle3d and Sphere) the plot is a projection onto 

a 2D plane which depicts the representative structure 

of the map. 

5.3.1 FillSqr, FillCir, FillUCir: Inherent Di

mension 20 in 2D space 

If the inherent dimension of the manifold is the same 

as the dimension of the output or map space of the 

SOFM then the plot should display an ordered grid 

after training. Since the SOFM space is 2D then the 

manifolds with an inherent dimension of 2, FillSqr, Fill

Cir and FillUCir, should display this behaviour. This 

is indeed confirmed from Figures 1, 3 and 5. Since the 

SOFM space defines a square hexagonal grid the best 
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mapping occurs with FillSqr. For both the FillCir and 

FillUCir manifolds the map suffers from an edge dis

continuity problem due the mismatch. It should also 

be noted that the density of the map weight vectors 

approximates that of the manifold space as evidenced 

by the concentration of points near the centre in Figure 

3 compared to the more uniform structure of the grid 

in Figure 5. 

The Gabriel network defines the topological relation

ship directly from the manifold data. From Figure 2 

even though the grid is not as regular as the SOFM 

the similarity with the hexagonal structure of Figure 2 

is apparent. This leads to two important observations. 

Firstly, the Gabriel graph structure is equivalent to the 

SOFM in the case when the manifold a:1d map spaces 

are similar. This is to be contrasted with the MST re

sults from [15]. Secondly, the hexagonal grid structure 

for the SOFM should be used in preference to the more 

common rectangular grid. This statement is made with 

the observation that the Gabriel graph yields a similar 

topological structure to the hexagonal grid even though 

no such arrangement is predefined by the map. Indeed, 

the Gabriel network appears to distribute weight vec

tors according to "circle packing". That is, if the nodes 

represent the centres of circles with equal radii, then 

the converged Gabriel network arranges the centres so 

as to maximise the area of the circles with respective 

to the surrounding space. 

Unlike the SOFM the Gabriel network does not suffer 

from any edge effects with FillCir and FillUcir. In fact 

there is little difference between Figures 2 and 5 other 

than the region boundary. This is to be the expected 

result since in both cases the manifold is a uniform set 

of points, only the boundary of the region is different. 

Like the SOFM the density of the map follows the man

ifold data density as shown by Figure 4. 

5.3.2 Circle, Circle3d: Inherent Dimension ID 

in 2D and 3D space 

If the inherent dimension of the manifold is less than 

the dimension of the output or map space of the SOFM 
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. -:=-1- -. - ----- ' 

Figure 1: Plot of FillSqr manifold for the SOFM Figure 3: Plot of FillCir miUlifold for the SOFM 

Figure 2: Plot of FillSqr manifold for the GN Figure 4: Plot of FillCir manifold for the GN 
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- - --- ~-- - - --- --- - - - --

Figure 5: Plot of FillUCir manifold for the SOFM 

~ - . --- - ~-- ------ - - ~- -

Figure 6: Plot of FillUCir manifold for the GN 
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then after training the integrity of the SOFM structure 

should be destroyed since the topological structure of 

2D map grid cannot be retained. The faet that the 

input data space itself may be 2D is not relevant. These 

comments are proven by the plots in Figures 7, 9 which 

give the structure of the SOFM after training with the 

Circle and Ci-rcle3d manifolds. In both cases the SOFM 

spans the entire region bounded by the circle with a 

concentration of points around the circumference. The 

best result that is achieved is to stretch the map as 

thinly as possible over the circle and folding as much of 

it as possible around the circumference. 

The results in Figures 8 and 10 clearly demonstrate 

the superiority of the Gabriel network over the SOFM 

in terms of preserving the underlying topolog!cal struc

ture of the data. After training there is no difference be

tween the Circle and Circle9d manifolds, in both cases 

the Gabriel network arranges itself to follow the circum

ference of the circle with no "crossing" of connections 

across the circle. 

It should be noted that a better result for the SOFM 

can be achieved by predefining a lD map space for the 

map. However, this assumes prior knowledge of the 

inherent dimension and structure of the manifold space. 

No such prior knowledge is needed with the Gabriel 

network. 

Finally, although similar results for both the Cir

cle and Circle9d manifolds were evidenced by both the 

SOFM and Gabriel network the embedding input space 

was 2D and 3D respectively. This clearly shows that the 

structure of the map after training is determined by the 

data manifold rather than the embedding space. 

5.3.3 Sphere: Inherent Dimension 2D in 3D 

space 

The results for Sphe'f"e are of special interest. Even 

though the inherent dimension of the space is the same 

as the SOFM map there are obvious topological dif

ferences between the self-enclosing surface of a sphere 

and the infinitely extending surface of a hyperplane. As 

shown by Figure 11 the SOFM fails to connect to itself 
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~-~· --- ---- -- ---------- --·-- --- -· ---

Figure 7: Plot of Circle manifold for the SOFM Figure 9: Plot of Circle:Jd manifold for the SOFM 

Figure 8: Plot of Circle manifold for the GN Figure 10: Plot of Circle:Jd manifold for the GN 
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leaving a void on part of the surface that the map is 

unable to cover. This boundary or edge effect problem 

commonly occurs with the SOFM. 

The Gabriel network should not suffer the same prob

lems experienced by the SOFM since the map topology 

is not predefined. This is clear from Figure 12 where 

the neurons are evenly spread around the surface of the 

sphere and the map is fully interconnected across the 

surface. 

- - ~ - --- --~- - - ~ ~ 

Figure 11: Plot of Sphere manifold for the SOFM 

5.3.4 TwoSquare: Ordering and convergence 

of the GN 

The Twosquare data manifold was used to examine 

the ordering and convergence properties of the Gabriel 

network. This has important implications when the 

data manifold is non-stationary and the characteristics 

abruptly change during training. Furthermore, we need 

to investigate the Gabriel graph adjustment rate given 

that it is the most computationally expensive opera

tion. 

Unlike the previous data manifolds both the SO FM 

and Gabriel network were initialised randomly only on 

the bottom square of the TwoSquare data manifold to 

simulate the effect of a change in the data manifold 
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Figure 12: Plot of Sphere manifold for the GN 

from a single enclosing region to the appearance of a 

second separate region. Ideally, training should move 

the map towards the upper square and the map should 

distribute itself evenly across both squares. The results 

using the SOFM are shown in Figure 13(a) and when 

training is complete the map has equally occupied both 

squares and is stretched thinly across the void separat

ing the squares. Thus the SOFM has properly adapted 

to the change in the data space. 

The Gabriel network results are shown in Figure 

13(b). In this case the map separates into two distinct 

regions corresponding to each square connected by a 

single line of links. However the map remains concen

trated in the bottom square with a small fraction occu

pying the upper square. This reveals a serious problem 

with the training of the Gabriel network. One possi

ble reason is the use. of a small neighbourhood which 

inhibits ordering of the map and ordering is necessary 

for the map to adapt to changes in the data manifold. 

Another experiment was performed training the 

Gabriel network on the TwoSquare data but using a 

larger initial neighbourhood size of u(O) = 5.0 and 

Ru = 0.02. The reason that the same neighbourhood 

size of 10.0 as used by the SOFM was not chosen was 
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because preliminary results revealed that this was too 

large a neighbourhood to allow sufficient convergence 

of the map. Indeed this indicates that in such cir

cumstances additional training of the Gabriel network 

compared to the SOFM is required to allow both order

ing and sufficient convergence of the map. The results 

shown in Figure 14(a) indicate that more of the map 

has now moved to the upper square and confirms the 

need for a larger neighbourhood when the data changes 

abruptly. This is also true for the SOFM and in gen

eral training has to restart with a larger neighbourhood 

when the data manifold changes significantly (14]. The 

Gabriel network is not properly trained though since 

the map is still unevenly spread across both squares. 

Using an even larger neighbourhood and additional 

training is required to improve this. But the size of 

the neighbourhood is not the only consideration. 

Initially the map is fully interconnected within the 

first square and the longest distance between any two 

neurons is the size of the square but as the map moves 

to the second square the next and subsequent adjust

ments of the Gabriel network will make the longest dis

tance between any two neurons increase to the vertical 

extent of the map which is 4 times the size of the first 

square. This is clearly evident in Figure 14(a) if one 

considers two neurons located in different squares. In 

fact an adjustment of the Gabriel graph during the or

dering stage freezes movement of the map towards the 

upper square since neurons in either square fall out

side the immediate neighbourhood of neurons in the 

opposite square. In this case the Gabriel graph has 

worked too well since it seems to interfere with the 

proper ordering of the map to the data. This hypothesis 

was tested out by training the Gabriel network on the 

TwoSquare data manifold but increasing not only the 

initial neighbourhood size but also the initial Gabriel 

graph adjustment rate from T9 (0) = 200 to T9 (0) = 500 

(RT. = 2 to keep the same final Gabriel graph adjust

ment rate of 1000). The results are shown in Figure 

14(b) where clearly more of the map has moved to the 

upper square compared to Figure 14(a). Notice that 
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the lattice of neurons now spans the squares. Thus the 

timing of the first Gabriel rate adjustment is critical 

when re-ordering of the map in response to changes in 

the data is required. It should also be noted that Fig

ure 14(b) required less Gabriel graph rate adjustments 

overall which is one of the goals for computationally 

efficient training. 

6 Conclusion 

In this contribution, we highlighted the features of the 

Gabriel network as an alternative network to the stan

dard self-organising feature map (SOFM) network. The 

characteristics of the Gabriel graph structure which 

forms the basis of the Gabriel network was described 

including a detailed description of the algorithm imple

mentation. 

We then performed simulated experiments using a 

variety of data manifolds comparing the Gabriel net

work with the 2D hexagonal grid version of the SOFM. 

It was demonstrated that in the case of a data manifold 

with an inherent dimension of 2 (equal to the dimen

sion of the SOFM network) the Gabriel network topo

logical structure after training was similar to that of 

the SOFM. 

When a data manifold with an inherent dimension 

of 1 was used the SOFM failed to converge and the in

tegrity of the map was destroyed. However the Gabriel 

network was able to successfully map itself to the data 

with no "crossing" of the neuron connections across the 

data space. 

It was found that the the Gabriel network does not 

suffer from the same boundary continuity problems 

that the SOFM suffers when the data manifold bound

ary characteristics are different. This was demon

strated by defining data on the surface of a sphere 

which is a self-enclosing surface. The SOFM fails to 

properly cover the surface as the map boundaries can

not be enclosed. However the Gabriel network has no 

such problem and is able to correctly map itself equally 

around the complete surface of the sphere. 
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However it was revealed that the Gabriel network 

training parameters need to be considered carefully de

pending on the type of application. In the case of 

changes in the data manifold the Gabriel network re

quires re-ordering of the map. It was demonstrated 

that to ensure this both a larger initial neighbourhood 

size is needed to capture the global changes and crit

ical timing of the Gabriel graph adjustment is needed 

to avoid prematurely "locking in" the map structure. 

We expect that the Gabriel network has many uses 

where the inherent dimensionality of input data space 

is unknown, the input data space cannot be adequately 

mapped by a rectangular map structure, or visualisa

tion of the higher dimensioned data space is not a re

quirement. The latter is an important application of 

the SOFM's predefined 2D map structure. 

There is need for continued research on the Gabriel 

network, in particular investigating further the tim

ing and number of the Gabriel graph readjustments to 

achieve optimal ordering and convergence with a min

imum number of adjustments. There is also a need to 

quantify the convergence of the map, perhaps by the 

measuring the quantisation or mapping error or some

how measuring the map integrity and regularity. Fi

nally, additional data manifolds need to be tested in

cluding application problems like speech and image fea

ture data classification, organisation or quantisation. 
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(a) (b) 

Figure 13: Plot of TwoSquare manifold for the (a) SOFM and (b) GN 
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(a) (b) 

Figur(~ 14: Plot of TwoSq'Uar·e manifold for the GN (a) using a larger neighbourhood, and (b) additionally a longer 

or delayed rate adjustment 
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