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This thesis applies neural netlvorks to an application in the field of
telecommunications. Neural netrvorks are investigated to determine if they

can be used to perforrn routing decisions n,ithin a telecommunications
network. Once a neural network was modelled to perform the routing function
for an individual node in a netr,vork, the modelling is extended to a sample

telecommunications network to evaluaie its performance in a variety of
network conditions.
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Chapter 1 - Introduction

Chapter 1

Introduction

1.1 Purpose

The purpose of tiris thesis is to research the application of neural networks to

a specific issue in the field of telecommunications. The issue being considered

is the problem of performing efficient shortest path routing decisions within
a telecommunications network under normal ¿rnd abnormal conditions.

The study of neural networks has been zr steadily increasing area of interest

over the past 5 years, where the application of neural networks to different
scientific and engineering disciplines has produced alternative methods to

solving classic problems [1]. Neural netrvorks h¿rve been applied to areas of
optimizatioÌ1, control, associative rnemories, arnd pattern recognition [2], areas

that can be applied to routing in telecomrnunic¿-rtions netn,orks. By studying

the concept of routing both from the specific field of telecommunications and

the more general field of routing theory, this tl-resis rvill map routing concepts

into the neural network paradigm, define ¿r neural network solution, and

demonstrate through modelling the abilitv of a neural netr,r,ork to perform

telecommunications network routing.

Page 1

L.2 Problem

The operation of the telecomrrrunic¿rtions netn,orli depends on the efficient use

of the components in the netrvork, and netrvork routing is a key factor in
determining this efficiency. Improper netrvork routing results in poor

network utilization, rvhich in turn affects the services that the netrvork can

provide.

As telecommuuications networks evolrre, the importance of routing in these
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networks is increasing. Tl-ris increased importance is due to a number of
factors: telecommunications companies are under pressure to become more

efficient, requiring maximum utilizatior-r of network components; the

increased dependence of the public and corporations on these networks

requires higher levels of network relizrbility and averilability; and the

introduction of new technology has made the netrvork more cornplex. Routing

methods must evolve to maúmize netlvork utilization under dorm¿rl conditions,
plus adapt to problems in the netrvork so that the effects of any abnormal

network condition is minimized [o provide rnaximurn reliability and
availability.

A neural netrvork router can be created that can meel these requirements.

While new telecommunications routing methods are being researched, only a
small portiolt of this work involves ueural lletrvorks. Conventional
approaches are superior to the older, manual routil-tg methods, but still have

disadvantages in terms of speecl arnd flexibilit¡,. lìy utilizing the adaptive
properties of ueural networks, an adv¿rnced method of netrvork routing could

be created without the disadvantages of convention¿rl routiltg methods.

Page 2

1.3 Scope

This thesis is cornposed ol'six chapters. h-r Chzrpter 2, íru or¡erview of relevant

information to this thesis is provided, ernd begins n,ith an intrclduction to and

description of telecommunications netn'orks. After this general discussion the

issue of network routing and reliability r,r,ill be introduced. This is followed by
a discussion of current and proposed routing methods within
telecommunications netrvorks, and ¿r brief ciiscussic'¡r-l ol' routing theory. The

chapter concludes with a discussion on the arpplication of neural netlvorks in
telecommunications, and a description of' tl're specific routir-rg zrpproach to be

studied. In Chapter 3, the mcidelling of zr single node n,ithin a defined sample

network will be presented, rvith tl-re objective oI optin'tizing rhe topology,
learning, and neural netlork trair-ring set tc) perforrn the netlork routing
task. The results of Chapter 3 rvill be applied in Cl-rzrpter 4, where the routing
for the full sample netrvork rvill be modcllet1, the results discussed, and the
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performance of the neural netrvorks er¡aluated for clifferent routing
conditions. Chapter 5 contains conclusions on the research and
recommendations on areas for further investigation. The thesis concludes
with a list of references used in this research, and appendices containing
related material.

Page 3



Chapter 2 - Overview

Chapter 2

Overview

This chapter will provide an overyierv of topics of interest in rhis thesis. The

chapter will first review of the operation o1' telecommunications networks,
then discuss the nature and current methods of routing rvithin these

networks. A review of methods and research in the area of routing theory is

then provided, and this is followed by a discussion of current applications of
neural networks to telecommunications routing. The desired attributes for a

neural network router are then outlined, and the method of routing studied in
the remainder of the thesis is discussed.

2.L The telecommunications network

The telecomt¡unications netrvork provides services that most people take for
granted. To the majority of people, telecommunic¿rtions is represented by the
telephone, and the process of inputting a series of numbers into the telephone

that then connects the calling person to another telephone. But between

these telephones is a massive investment by utilities ¿rnd corporations in a

complex telecommuuications net\vork. This netrvork provides not only the

basic connection service familiar to the public, but ¿rlso specialized services to
corporatiolls that rely on the netrvork for providing service to their
customers. These specialized services are becorning more important as

telecommunications netrt,orks evolve, and ¿ìre projected to become an
important factor in the future competiti\/eness of many companies and
countries.

As stated above, the telecommunications netr,r'ork is a complex system.

Providers of telecommunications services - typically the phone company -

must plan, install, and maintain these networks. Underlying these network
activities is the requirement to provide a l-righ level of service to its users. In
some areas of telecommunications a rnollopol.v exists, ¿rnd a single network

Page 4
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provider is regulated by a governrlent to provide service at a price that allows

for reasonable rates of return on the provider's investment. In other areas

telecommunications services are deregulated, and multiple service providers

compete in the marketplace to provide sen,ices based on the cost of the

network and the variety of services. In Canadat, an example of a service

monopoly is long distance telephone service, ¿rnd an example of a deregulated

service is cellular phone service. The global trend in telecommunications is

toward deregulation; as n,ill be discussed later, tl-ris results in the need for
increased efficiency, reliability, and functionality rvithin rhe network, and

the need to find new methods of controlling and managing this network.

2.1.7 Telecommunications netrvork structure

The basic telecommunic¿rtior-rs netr'r,ork shon,n in lìigure 2.1 is composed of
three major sections, with each section performing a specific network
function. The first section is called the ¿rccess section; this sectiol'1. connects

the equipment of a telephone user - knor,r,n as cusfor?ter prentise equipment -

to the telephone slvitching center or central c¡ffice. The customer premise

equipment is connected by a dedicated set of rvires or access lines to the

central office. This configuration is tl-re most simple example of the access

portion of the network, but there are other configuratiol-ts. One example is

where a switching element similar in functic)n to a central office is placed

between a central office and the customer prernise equipment. In one

example, a switching eletneut is located ¿ìt tl-ìe business site, and is called a

private branch excl'tange, or PBX. A second exarmple is rvhere a smaller
switching center, called a renlote, is placed to senrice a portion of a central
office's serving area. The purpose of both the PBX and the remote is to
concentrate a large nutnber of access liues into ¿ì smaller number of
transport facilities; this rvill be described in the I'ollorving paragraphs.

The second section of a telecornmunications netrvork is the srvitching section,

where a central office concentrates the access lines of a specific geographic

area and corLnects these lines to access lines in its orvr-r area or to transport
facilities between it and central of fices in orher areas. To provide full

Page 5
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interconnection betu,een the hundreds of nrillions of telephones in the
telecommunications netn,ork is not possible; ir-rstead the netrvork relies on the

fact that only a small portion of the telephones in the uetn,ork are in use at a
given time to reduce the number of coltltections required. The main
component of the central office is the teleplt<;ne su,itch, rvhich is connected

to all access lines in its geographic area and then selectively connects the

lines in use to the access line of a telephone th¿ìt is being callecl. In the case

where the called telephone is lvithin the same geographic area as the calling
telephone, the telephone srvitch n,ill connecI theur rvithin the central office.

If, however, the called telephone is in ¿r geographi(t rìre¿ì servecJ by another
telephone srvitch, then some form of link is reqr-rired betn,een these switches.

This link is called a transport facilitSr, al,d is parrr of rhe set of dedicated
interoffice links that forms the transport por[ion of the netrvork. Depending

on the location of the destination telepl-rotre srvitch, a series of telephone

switches and transport facilities mzry be recluired t<t prorzide the end-to-end
connection. The location of the called telephone and telephone sr¡¡itch is
determined from the telephone number, n,hich c¿rn be considered to be a

Page 6
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network address.

The final section of the network is the transport section. As stated above,

transport facilities are dedicated links betn,een central offices, and like the

facilities in the access sectioll of the netn,ork, the links are not all in use at

one time. The amount of activity on a specific transport f,acility is a function
of the network traffic betleen the central oflices, and a properly planned

transport facility will have the available capacity to handle the heaviest

traffic requirements under the busiest, or peak, conditior-rs. When the traffic
between two offices reaches the level rvhere the transport facility is at full
capacity, no further connectiolls can be provided over that link.

Advances in technology have produced dramatic changes in
telecommunications networks. One ol' the most c-lr¿-rm¿rtic revolutions has been

the migration of the netn,ork from anerlog to digital systems. In the analog

network shown in Figure 2.2(a), the access, sn,itching, and transport sections

were analog based; an analog signarl originated from the telephone, connected

with a physical connection at the c¿rlling telephone srvitch to an analog

transport facility, and connected through zr ph;,sical connection at the
destination telephone srvitch to the c¿rlled telcphor-re. Witl-r the evolution to
digital technology shon,n in Figure '2.2(lr), {rnl.r, thc erccess section of the

network remains analog; ¿rt the cligital srvitch, the anal<.¡g signarl is digitized,
and the digital signal is llow digitarll.r, sn,itched ¿-rnd carried over digital
transport facilities to a destination digital sn,itch rvhere is it converted to
analog for connection to the called telephone. The benefits of the digital
network are significant: noise has beert reduced, improved reliability has

been achieved, and the performance ¿rnd capacit¡, of the netrvork has been

increased. One of the rnajor benefits of'digitization of rhe trarlsport facilities is
the use of time division multiplexing to combinc mlrltiple lorv speed signals

from the access network onto ¿r single l-righ speecl rranspc.rrr facility. While an

analog transport facility consisted of thousands o1' r'r,ire pairs rvith each pair
representing a single transport circuit, l.r single digital transport facility can

now carry thousands of time multiplexed channels, n,ith each channel
representing a transport circuit. J'l-re introductior-l of i'ibre optics transmission

technology in the telecommunic¿rtions netn,ork h¿rs provided the most

Page 7
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significant increases in capacity, nith ne\v s)/stems uow providir-rg over 30 000
voice channels, or a combin¿rtion of voice, c-lat¿ì., ¿ìtld video signals, on one fibre
optic pair.

analog to digital
conversion/

digital connection
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2.L.2 Routing and network reliability

Figure 2.2(b):
D i gi tttl Tel ec o nt nt u n i c a L i o n s

To obtain maximum efficiency from a telec<tmmullic¿ttions network, digital
signals representing voice, data, or video signzrls rnusI be routed between the
originating and destination points in the nerrvork Quickl¡, zurd reliably.

Routing activity occurs at several poir-rts betn,een the originating and

destination locations. First, the telephone sn,itch transl¿ìtes the telephone

number into routing infclrmation, and thc cclnucction is routed through the
switch to another access line or a triìnspc>rt lacilit.r,. Il the destination is
within the srvitch's serving area, tlle routil'ìg is perfornred n,ithin that slvitch.
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If the destination is in another central office, then a destination telephone
switch will route the call from the transport faciliry rhat connects it to the

originating central office to the access line of the destination telephone. As

the distance between originarting and destin¿rtiolt cerìtral offices increases,

more transport facilities and telephone srvitches may be required to provide

the end-to-end connection, rvith each srvitch performing similar routing
functions. Under normal traffic conditions the netrvork performs this activity
with a high level of reliability. If, horvever, ¿-ul abnormal condirion occurs,

then the nehvork attempts to compellsate for the condition, and depending on

the type of condition, different colnpens¿ìtiorl methods can be used. If a

transport facility reaches caparcity, the telepl-rone sn,itch can redirect traffic
to other transport f¿rcilities along other rc)Lttcs th¿rt have not reached capacity.

But if a transport facility becomes un¿n,aril¿rble as a result of failure, the
transport network must attempt to restore the lost cerparcity by using spare

capacity in the network. The ability of the ltet\\¡ork to route traffic under
normal and abnormal conditions is a fundarmental requirement.

One of the most important issues in the telecontmunic¿rtions network is

network reliability. Some of the reasolls are:

- Network providers are uncJer incretrsing pressure to provide new

services. These new services increasingly rely on information
stored in the local and rernote computer systems of netrvork
providers, resulting in incre¿rsed netrvork couluruuic¿rtion.

- Some new services are data arpplications. These crpplications require
higher bandn'idths and lon,er bit error rates th¿rn regular voice
transmission.

- Digital technolog), h¿rs allorveci for i¡i:reased c¿rpzrcit¡, ryi¡¡'tt ,¡a
network; as zÌ result, more senzices and users are ¿rff'ecteci rvhen a
nework problem occurs.

- While the amount of required m¿l.inten¿lnce and been reduced and

the overall availability of lletr'r,ork equipment has been improved,
the problems that no\v occur in the netrvorks are becoming
increasingly more complex.

- Network failures can be caused b¡, a rzarriet\/ of' factors, including
human error, natural disarsters, terrorisut, ¿urc1 the complexity of

Page 9
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- The reliance of the users on services and the introduction of service
competition has resulted in the need for increased reliability and
availability in the network.

- Though rare, major network failures c¿rn affect thousancls of users

and disrupt activities over a large area. In one receÌlt evellt, a

telephone switch in Nen, York City fzriled; tens of thousands of users

lost basic communications, financial operatiorls were affecterl and
air traffic control rvas disrupted in regionarl airports [3]. In the
worst case, the financial cost can be significatlt; ¿ì fire in a central
office in Chicago disrupted operatiorrs at O'l'lare airport and resulted
in service outages of up to a month I'or sornc resiclenti¿rl and business

customers; the estimates of the cost ol' lost br-rsiness r¿ìllge from the
hundrecls of rnillions to billions ol'dollars [4].

To mitigate the effect of future failures, netn,ork proviclers are deploying
systems that provide improved netrvork routiug, restoration and survivability.
Depending on the section of the llet\\¡orli (zrccess, sn,itching, or transport)
different systems or methods are ¿rviril¿ible. OI' the three sections of the
network, this thesis rvill focus c¡n the routing ancl restclration in the transport
sectiorl. The reasons ¿ìre:

- Transport failures ¿ìre aì. frequent t)/pe o[:-r[-rnormal network
condition.

- Transport failures affect more Lrsers across at larger geographic area.

- Since transport facilities are outside the cc.rntrollecl environment of
central offices, they are more sLlsccptible to f'ailure f'r66 a number
of areas.

- The topology of the transport net\'\'ork lencls itsclf to ¿ì number of
possible restoratiolr solr:tions.

- The various restoration solutions all involve st¿rtic or dynamic
routiltg methods.

- If a routillg method cau be defined that c¿u'l be rnappecJ into a neural
network structure, then a solutiot-l rn,¿r¡, be possible.

modern equipment used in the digital netr,r,ork.

Page 10
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2.I.3 Transport network protection and restoration

The areas of network protection and restor¿r.tiot1 have been extensively

researched in telecommunications; a complete rer¡ierv of netn,ork protection
and restoration methods is not required for this thesis. Instead, this section

will provide a brief overvien, of existing and nerv methocls.

2 1.3.1 Protection channels and ntanual restoration

The most widespread method of providing restoration of failed facilities is by
the use of protection channels. A protection channel is a redundant or spare

facility with the same capacity ¿'rs the regular r,r,<trking facility it protects.
Figure 2.3(a) shorvs a n,orking and protection chirnnel in normal operation,
with the traffic being carried on the n,orking charnnel. When a problem
occurs with the working I'acility, the prclblem is detecreci anci the traffic is

switched by protection equiprnent to the protectiorl channel, as shown in
Figure 2.3(b). The method of protection n,here one n,orking channel is
protected by one protection channel is called 1:1 protecti<tn. A more general

form of this protection is called 1:N protectictn, n,here orìe protection channel
provides a redundant facility for N n,orkir-rg channels; if any one of the N

working chaunels fails, tlle traffic can be resrorecl on lhe protectioll channel.

Figures 2.3(c) and 2.-3(d) c-lepict the normal ¿rncl restoratioll activities for a 1:N

system.

This form of restoration is rvell suitecl to facility larilures rhat ¿rffect only one

working channel of a trausport facility; ¿ì11 exermple of tl-ris type of failure is
where a portion of the transport equipment ¿rssoci¿rtecl rr,ith one channel fails.
Where this form of protection fails to perlirrin is in inst¿-rnces rvhere a failure
affects an entire transport faciiity such ¿rs ¿r flailure <tf trarnsport equipment
common to all channels or the loss of' the translnission medium such as the
cutting of a fibre optic cable or loss of' ¿r micro\\/¿L\/e relery tower. In these

cases, 1:1 and i:N protectioll methods cannot prclvide restoration, and
restoration is performed by manua-rll¡, rer:onnectir-rg the traffic from the failed
facility onto the protection channels ol' one or rnore ¿rlternate transport
facilities , restoriug the tr¿rffic to the oppositc encl oI the lailed facility. This

Page 1 I
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process of manual rerouting is a time consuming process, and can result in the

loss of service for significant periods of time; as a resulr, methods of providing
faster restoration around a failed facility rvere needed. The process of manual

rerouting of a failed facility is shorvn in Figure 2.4(a) and (b).

2. 1. 3.2 Digital Cross Connect,Ð,sfenrs

The introduction of digital cross connect s)/sfenrs (or DCS) has been a

significant development in the manageûtent of tr'.ìnsport f¿rcilities. The DCS

replaces the manual cross collrlect equiprnent in central ofTices, and provides

remote aud autorlatic control of the cclnnections of digital facilities. The

network provider operations staff can issue comntands to a DCS to perform
connections of different transport facilities, ¿rnd in the case of the failure of a
transport facility the operations staff can use a DCS to quickly perform the

reconnections required to restore service. The plzrcement and use of a DCS for
restoration are sholvn in Figure 2.5.

The use of a DCS can reduce the time oi' restoratior-ì to mirlutes, but this still
results in loss of traffic connections and serrrice. 'i'r-r re¿rch the goal of
providing restoration rvithout the loss ol' most tr¿rffic collnections, the time to
restore facilities must be in the 1-2 second rilnge. The introduction of special

features in the DCS is norv making this level of restorarion possible. Using a
feature called Fast Facility Protection (FFP) [5], rhe prorecriotl channels for 1:i
protection systems can be routed over a dil'ferent roltte to the destination. The

traffic being carried is bridged onto both tl-re n,orking ancl protection
channels by the DCS at oue end of the i'¿-rcilit-r,, arrd ¿rt the other end the
presence and sigual quality of the tr¿rffic is monitr¡red. If there is a loss of
traffic (resulting from the loss of the entire läcility), or if the signal qualiry is

degraded, then the DCS at the other end sn,itches to the protection channel.

This feature is norv available and is being consiclerecl for use b), some network
providers. An example of FlìP is shorvn in lìigure 2.b.

2. 1.3.3 Sun,ivable Nng Arcltitectures

Page 14
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Another method of providing restor¿rtion is by implementing ring
architectures in transport netrvorks. By arranging the transport links
between a number of separate locations into a ring, sirnple redundancy

methods can be implemented. Current examples of this type of architecture

are available from both the coÍlputer and telecommunications netrvork areas.

For computer netrvorks, the Fibre Distributecl L)atar Inrerchange (FDDI)

standard describes a i00 million bits per second fibre optic d¿rta network. To

build survivability illto the FDDI netn,ork, n,orkir-rg and protection network

traffic circulates around a fibre optic ring conrrecting arll nodes, with the

working and protection channels being transmitted in opposite directions

around the ring. If any site on the loop experienccs a failure, or the facility
fails between trvo nodes, protection circuitr.r, a[ the rlocles detect the failure
and redirect working traffic ollto the protection r:hanrrel, creating a single

traffic loop connecting all nodes ¿rnd isol¿rtiug thc l'¿rilure. FDL)I restoration is

presented in Figure 2.7.

In telecommunicatiol-rs networks, one exermple of' restoration using the ring
architecture is provided bv the Sh¿rred Protection lìing (SPlìlNG) t6]. Like

FDDI the SPRING has trvo traffic cirannels transmitting ir-r opposite directions,

but in the case of SPRING the r'r,orking and protecriol-ì cirpacit¡, is split between

the two rings, resulting in one half of the n,orking trirf'lic being transmitted

in the opposite direction to lhe other h¿rll'. Il'a f'¿rcilit), [ailure occurs, the

working capacity carried olr the f¿riled facilit.v is redirected into the protection

capacity of the working facility, isolzrting the l'ariled facilit,v ¿rnd maintaining
traffic connections. SPRING restoratic,m is presented in I:igr-rre 2.8.

2.1.3.4 Dynantic restoration melliocls ¿tncl ,selÍ' healing

Page 17

Restoration provided by methods sLrch ¿rs lrl:l) ¿rnc1 ring architectures can

provide rapid restoraiion from f¿rilures on the order ol' 50 rnilliseconds. This

short restoration time will maint¿rin traflìc ¿rnd service connections in the

network, but there are dran,backs to these methocis. B¿rndn,idth must be

dedicated to the restoration of specific lacilities, resulting in the need to
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provision large amounts of channel capacity just for restoration and imposing

added design rules on the netrvork. In additior-r, these methods are based on

static conditions in the transport netn,ork, arnd cannot adapt to multiple
network changes should they occur. In order to provide fleúbility and to
reduce the need to provide large amounts of restor¿rtion capacity, severai

adaptive and dynamic restoration techniques have been proposed.

Dynamic restoration or self-healing techniques rely otl the use of a

restoration protocol implemented in trarlsport net\,vork DC>^s. When the failure
of a transport facility occurs, a designated DCS sends restor¿ìtion messages to

adjacent DCSs over connectillg facilities n,ith ar,¿rilerble carparcit¡r. The process

is repeated by these adjacent DCSs resulting in a "messzìge \\¡a\/err that floods the

network. The target of this message rvave - ¿urd the signature information
contained in it - is the DCS at the other end of the failecl facility; when the

messages are received, the signatures are processed, and the alternate
restoration routes and their capacities are detcrmined. To complete the

process, a return message is issued along the altern¿'ì,te roLltes to establish the

restoration link(s) required to r'estore all traf'fic. This self-l-realirlg process

has been suggested by Yang and Llarsegarva [7] and Grover et zrl [8]: in the

former case the auihors based their appro¿rch ot-t the in-rplementation of
specific types of equipment in the transport llet\vork; in the latter case, a more

generalized form and more rvell defined protocol has been created. For both

these methods, the restoration time hirs bcen estir-l-rated in the 1.5-2 second

range.
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2.2 Routing Theory

Routing has been researched extensivel-r, frorn a theoretical perspective to

determine efficient algorithms; for the purpc,rses of' this tl-resis, the study was

focussed on the area of shortest path (SP) problems. SP problems are

encour-ì.tered in many areas of rese¿rrch aparrt lì^om communications, and are a

subset of a larger class of problems that include longest pzrth problems, most

reliable path probletns, and largest carpacit¡, partl-r problems. Several good
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sources classify the types of SP algorithms ¿rvailable. Deo and Pang t9]
classified different algorithrns based on a rlulr-rber of factors rvith the goal of
identifying suitable candidates for paraliel implementatiol-t and computarion;

the majority of the material for tl-ris sectic)n \\/¿ts obt¿rined (unless otherwise

noted) from this source.

As stated above, SP algorithms are dependent on a number of problem factors.

One of these factors is the characteristics of the netn,ork. Some of the network

characteristics that must be considered are:

- Are the nodes in the netrvork densel;, or sparsely connected?

- Are the arcs of the lletn,ork directed (have one directior-r) or
undirected?

- Are the lengths of the arcs positive values or ¿ì.r1.\/ re¿rl value?

- Are the lengths of the arcs barsed on unif<trnr (unit) distance,

euclidean distance, or a more generarlized re¿rl valuecl f'unction?

- Are the lengths of the arcs determir-tistic (f ixecl) or probabilistic?

In comparing these characteristics to a teler:ontmuuic¿rtiolls llet\vork, rve find
the transport network c¿ur be generzrll.r, represcnted as a sparsely connected,

undirected graph rvith positirze ¿ìrc values b¿rsed c¡n ar deterministic function
related to euclidean distance. While the pure euclidean distance can be used,

several factors can be combined to determine the cost function for a transport

facility such as cost of use, type of equipment, aìnd netn,ork delay fäctors.

Page 27

The type of solution required is ¿rnother f:actor irr deterntiuirrg the desired SP

algorithrn. Tl-re solution rvill be governcd b¡. u l-lr-ulber of characteristics,
including:

- Are there any colìstraints c.u-r Lire selection oi'the parth (i.e. the path

must have a certain number of atrcs, or pass thrttr-rgh zr specific node)

or is the solution utlcollstrained?

- Must the solution prorride the shortest, path onl¡r or defline the 7nd,

3rd...K-th shortest paths?

- Will the solution determine the plth betn,eell irl,o specific nodes,

betlveen one node ¿urd ¿rll other lroclcs in the lletrr,ol-k, or tl-ìe shclrtest

paths between all nodes?
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In transport networks the paths for restoration roLlting are typically
unconstrained, but the other characteristics ¿ìre not as clearly defined,
allowing for a number of possible routir-rg methods. If the transport network
has sufficient capacity in its protection channels to accomrnodate any single

facility failure, then a shortest path algorithm \\¡olrlcl be aclequate; what is

more likely, however, is that protectioll channels in the network have
different capacities, and that a K-th shortest path algorithrn is required. K-th
shortest path algorithms were used in the self healing systems discussed
previously, rvhere several lol caparcity alternate routes can be used to reroute
the traffic of a single failed high cirpacitv f¿rcilitv.

In most cases the primerr.r, recluirenlcllt f or rcstor¿ìti()t1 is to provide an

alternate route for traffic to the node at the other cnd of the failed facility, and
an algorithm that determiues a parth betn,eell trvo specific nodes can be

implemented. I-lowever, since any given tretrvork node c¿rn llave a number of
transport facilities, and since rve n,ould like t<t clesign a routitlg system that can

tolerate the loss of netrvork nodes, zrn algcirithm th¿rt can provicìe a path from a
specific node to all other nodes in the net\\,ork is clcsir¿rble.

The last marjor f¿rctor tl-t¿tt cl¿rssilics ¡^l'arlgoritl-iu-rs is Ihe techl]ique usecl to
determine the shortest path. Each zrlg<.rrithm can be clescribeci b_v its use of
preprocessing and the methcrd used to determine the solutiorr. The majority of
these SP techniques ittvolve path l'inding through gerrererl purpose computer
simulations, and can be further broken into contbinatori¿rl and algebraic
techniques.
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2.2.1 Combinatorial techniques

Combinatorial techniques iurrolve traversing the arcs rif zr graph and
recording information obt¿rined ir-r the process; this method is also called the
graph traversal technitTue. Infirrn-rrìtioll re<rorclecl rvhile traversing the
graph is coutained in labels that are ¿rssc¡ciated rvith the uodes ancl arcs of the
graph; all labels are Iemporlir.\'n,hcn thc tcchnique begi¡s, and all are
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assigned permanent or fixed labels rvhen the process is complete.

that the labels are assigned and modified fr-rrther clarssifies

technique. Most research in the area of labelling methods aim ro
basic procedure by a number of methods.

In methods where permanent labels erre assigned rvhile the zrlgorithm is being
performed are called label setting l'echnic1ues. 'i'his technique was first
described by Dijkstra [10], as a method of determining the shorresr parh

berween two given nodes P and Qin a graph containing N nodes. The method
starts at Node P, and the label for Node P is rnade permlìnent. Starting at P, all
the arcs connecting P to its adjacent nodes are ic-lentifiecJ and the nodes

assigned temporary labels; tl-re l¿'rbel is proportionarl to the distance from that
node to Node P. All of the temporarlz l¿16"1s are then exar-nined, and the node

with the smallest temporar), l¿rbel is then macle permanent. The process is
then repeated, rvith all the nodes corlnectccl to the noc-les r,r,ith permanent

labels now assigned temporzrr¡z larbels. At e¿rch iteratior-t, all uc¡des connected to
permanently labelled uodes ¿ìre searched ancl the pzrths that produce the

smallest temporary labels are retained, ancl the node rviLh the smallest
temporary label is then macle penr¿Ìueut. In tl-ris ulLuluer the process

continues, adding one node at a time Lultil Nocle () is reached; the maximum
number of cycles required to perforrn this tecl-lr-tic1r-rc is N-1. When complete,

the labels defined by the technique ic-lentif-r,Lhe shor[est clistal]ce to Node P and

the sequence of nodes that defirle the path, ¿uid if'arllon,ed to run for N-l
iterations the shortest p¿rths to all nodes ¿ìre dcternrined. Many
implementations of label setting arlgorithms are av¿rilable using different data

structures in an attempt to optimize the tr¿rversil'lg process, resulting in
several fast search techniques. T'he Dijhstra arlg<trithrrr has also been

implemented in a neural net\\/ork b¡, Ir:rhner [1 I I as ¿ì method of providing
planning for real-time robc¡tic motioll.

If the labelling technique keeps all labels as remporar), labels unril all
calculations are completed, it is c¿rlled ¡ laI'tel crtrracting technique. One

proposed implementation of a i¿-rbel correcting techniquc ill comrnunications
is the use of the Bellman-Ford erlgorithrn as cliscr-rssed bv Lìpl-rren-rirles and Verdu

112). The authors assert that a distributed ir.nplcrlerrtirr.ion of-rhe Bellman-Ford
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algorithm is rvell suited to cornrnunic¿ttions net\\,orks, f'or messages between

the nodes are processed to deterrnine the l¿rbels for each link. By using this

method the nodes in the netn,ork can haìr,e their inform¿rtion updated
asynchronously, no llet\vork coordination is required, and the nodes rely only
on receiving information from adjacent nodes. If the communications

between the nodes is con.tirluous, then each node mainti.rins an accurate

knowledge of the shortest path io arry node in the netn,c';rh.

2.2.2 Algebraic techniques

Algebraic techniques ¿ìre nlethods th¿rI inr,ol\/e thc ntarripul,.rtions of matrices

or the use of liuear equations to produce a soltrtiotr. An example of a matrix
solution is an all pairs routir-rg methr¡cl sirrril¿rr to c¿rlclrlatillg the porver of a

matrix. Examples of Iinear ecluation urethocls ure Ihc rlrqarnization of the

network informatiot-t ¿ìs ¿trl algebraic s.\,stcnl ¿rlrc-l theu solving a set of
simultaneous equatiolls. For the purposes of this thesis, these methods are not

being considered.
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2.3 Neural networks and telecommunications routing

As stated earlier, neural nel.n,orhs are bcirrg appliecÌ to clrrrellt problems and

issues iu many different f ields, aucl tclecr.ur.ru'rr-rnication.s i.s llo exception. A

search of neural network ¿rnd telec<,ln-lr-nunic¿rtiolrs literatr-rre h¿rs identified
numerous references rvhere neur¿rl llet*,orks ;rre being applied to this field;
the majority of this research has occurrecl in tl-re last five years rvith the

increased iuterest in and ¿rr,¿rilerbilit¡, of ueural uctrvork rese¿rrch tools. Most

of the research performed iuvcllves son-ìc fìtrnr of'routilrg decision, but the

specific applications, conditious, '.tucl routir-rg urcthocls \/¿ì.r\/. Brorvn [13] and

Melsa et al [14] investigarte Lhe use ol'ncural nctn,orks to perform routillg
within digital telephone sn,itches, n,hcre Ihc prioritr. is performing the
maximum number of input,/ou[put conncctiot-ls. Other applications include
Hiramatsu [15,i6], Chugo at ¿rl 117] and lìrisiani ¿rt al [18] n,here routil]g
decisions for data netn,orks are maclc b'lscd oll the tra[[ic levels rvithin
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transport facilities, network delzry times and mess¿rges betrveen nodes. Lastly,

some of the research made specific reference to performing routing decisions

in the transport network under lrormal or f¿rilure conditiolrs; this research

will be further discussed in the follorving parargr'.rphs.

One of the routing methods revierved n,¿-rs proposed b), ll¿-ruch and Winarske

[19]. In this method ¿ìn all pairs solution to routir-rg of an N node

telecommunications uetwork is produced. lìor ar girren netrvork, an NxN

capacity matrix defines tl-re link conrlectiol'ìs betr'r,een nodes a¡d their
capacities, with zero entries inserted lvhere l-ro link is present betrveen nodes.

Multiplication of the capacity mzrtrir is used to cietermine the number of links

between trvo specific nodes in the nehvorlt. If there ¿rre L number of nodes

(including originating and destin¿rtion nodes) comprising the route between

two specific nodes, then a set of'L Nx1 c<lntrol \/ectors are clef ined to represent

the two end nodes and their conllectiol-rs to adjercent nodes in the network. A

neural netlvork is thelr used to cou\/ergc the r¡cct<;rs to cletermine the links
producing the shortest route, r-rtilizing a grarclieni apprc.rircl'ì that minimizes the

loss function rvith respect to the capacit¡, rnatrix alrd thc control vectors. If a

condition such as a link failure occLlrs, the cer¡racit,r,nlatrix n,ould be changed

and a new route can be determined rvith a lle\v coll\/crgelrce of the vectors

performed b¡, the neural tlet\\/ork.

This appro¿rch is able to perl'orm ror-rting decisions ir-r a telec<tmmunications

network, but a number ol'shortcctr-ning.s :lre îppi-lrcnl.. 'l'hcsc arc:

- Routing is determinecl fr-om the connectiril¡,of'Ihc nodes in the

network and the nettvork link caplrr:ities, ¿rncl does uot utilize ¿ì more

general form of' neltr,orli representltiou that coulcl iltclude factors

such as network delar.vs.

- This approach produces a centralized routirrg metl-rod rvhere one

neural nettt,ork performs routir-tg clec'isiol-ls firr tl-re entire transporI
netlvork, rather than ¿r distributecl ronting ntethod.

- Extensive preprocessiug in the f'onll of' nr¿rtrir r-nultiplicirtions are

required to prepare col-ìtrol r¡ectors fÌrr coll\crf¡encc.

- As a centralized method, netrral uetn,orh scalabilit¡, becomes a

problern. For the 1(r r-lode example usccl b¡,the ¿ruthors, 1260 active
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neural elements and 9000 conllections arre required;
telecommunications llet\\/ork rvith 100 nodes ¿rnd 2000

destination pairs, the ¿ruthors estiutate that 14,000 ¿Ìctive

elements and 100,000 collllectiolls n,oulcl be reqr-rired.

As a result of these factors, other me[hods \\¡ere researched. The most
promising approach found is proposed b¡, Jensen et ¿rl [20], rvl-rere a distributed

adaptive routing algorithrn is investigated for telecommunications networks.

In this approach a neural netn¡ork is placed n,ithin e¿rch node of a

telecommunications netrvork, ¿rnd is responsible for routillg to adjzrcent nodes.

A multilayer feed fonvard netn,orli resicles at e¿rch nocle, rvith the input layer

representing the nodes in the net\vork aucl the oLltput la,r,er representing the

links that connect the specific node to erdjacent nodes. ll¡, using information
on the propagation time of packets arriving f'roln other nodes in the netrvork,

a mapping of delays [hrough a qiven linlt to ¿ì.1].\/ nocle in the network is

developed. The prop¿ìg¿rtion delar¡, r¡.rlnes, combincc'l rvith the ardjzrcent link and

the source node informatiou, ¿Ìre thell usec-l to train the ucur¿rl l'ìet\\/ork. To use

the trained netlvork, zln input lleLrrol-ì rcprcser-ìtir-rg;r spccific destination node

is asserted, etnd the output of'the neurr¿rl nct\\/()rk rvill be the ardjacent link on

the shortest path to the destin¿rtion noc1e. 'l'he ncrrral netrvclrk iu the next node

of the telecommunicatior-rs netn,orli irl turn n,ill ln¿rlie ¿t routillg decision

toward the destin¿ìtion node based on similar trainir-rg to th¿rt clf the first node.

When tested against other routing mcthods, it rr,¿rs fÌruncJ th¿'rt al'ter training

the neural netrvork routillg decisions rvere oI equarl perf'ormance to static

routing tables, and rvere more llexible ir-r ac-iapting tci abnormal netlork
conditions.

This approach overcomes the shortcourings ol' the prcvious neural network

method. By providing ar distributed routing s)/stct1l, clccisions can be made

locally instead of from a centralizecl poin[, resulting in l'¿rster response. By

defining a neural netrvork strurctLrre basccl on m'.rppings clI ihe ltetrvork nodes

and adjacent links, the netrvorli implement;rtion is morc sc¿rl¿rble. And while

network dela-v rvas used solel-r'irr tl-re trp¡rroach, nlore genererlized functions

can be used to represellt the uetn,orl( I'acilitics. Onc of'the drarvbacks

identified was the need for collst¿urt commul'li<:atior-r betrvcen nodes, but in a
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modern transport network this can be accommoclated.

2.4 Attributes of an optimal routing method using neural
ne two rk s

From reviewing the background o11 routing from the viewpoints of
telecommunications, routing theory, ¿rnd existing neural network
applications, we can define ¿rttribr'rtes of a preferred netrvork routillg system

using neural networks. These are:

- The method must be arble to perf'orm routing c-lecisio¡-ts cluickly, given

the requirefirent to adapt t.o rcstoratiorr sitr-r;rti<lr-rs. Ncr-lr¿rl netrvorks

offer fast decision times, lor once a ncur¿il net\\,ork is trarined the

speed of the decisior-r is Iimited to the speecl of a simul¿ìtor in the case

of a softlvare implementation or chip clela¡,s irr the case of a

hardlvare implernent¿ìtion.

- The routillg method sl-ror,rld be distributed to provicìe the flerst decision

times, for centr¿ìlized methocls incur delarrs from the

commuuicatior-rs requirecl to report the,st.;r.tLls rlf' the netrvork,

perforrn the decision, ;rucl implement the rourlir-rg chiruges. Routing

methods discussed b), Ephremides artcl Verclu t:¿ttr bc implernented in a

distributed lnarlner, ancl botl-r Grovcr et al ancl .Jeusen et al

demonstrated distributed roLrtillg n,ith (-t.)u\/Lrlttional ¿rltd neural

network methods respei:tirrelv.

- The routillg method should bc atrlc io proviclc multiple route

alternatives in the c¿r.se of a llcIr\,()rlt l'¿rilr-rre. "l'his t)rpe of
performance is proc-lucccl b¡ lrsin.q K-th shr.rrtcst pirths routing
methods, ¿ìs implernentcd il-l (lrover ît ¿rl for the current
telecommunic¿rtions ne lrvork.

- The routirlg metl-rocl rvill require inform¿rtion proru ic-lcd b.r, adj¿rcent

nodes for performing routinq clct:isions. lìphrcrnicles and Verdu,

Grover et al ar-rd Jenseu et al ¿rll usecl messaucs; rvhile Ephren-rides and

Verdu and Jensen et al used cor-rtinrrons messagir-rg to defined the

characteristics of the net\vork, (ìrorrcr ci ¿rl usecl messaging only
when a failure occurrccl [o dctenlil-lc rcstoratioll roLrtes. The
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transmission and processing of the messages betlveen nodes is the

main reason for the length of restoration times simulated by Grover

et al; if such a messaple w¿ì\ie is transnrittecl in ¿Ìcl'ance of a failure

when the netn,ork is under norur¿rl conditions, the processed

signatures could be used to deternrine the rirnking o['.rdjacent links

for routing to the nodes in a teiecommunic¿r.tions netrvork. This

ranking information could then be usecl ¿rs a trzrining set for a

neural netrvork.

- The neural netn,orks used should be scarlzrble, for as

telecommunications networks change a neural lletwork router must

be able to adapt accordingl¡,. Ol the neural netn,ork research

reviewed, the methr-¡d r-rsecl b¡' jcnscn ct al appcars l.o scale easil¡,.

The purpose of this thesis is to implement. a neurül netn,ork router rvith the

attributes outlined above. 'fl-re follon,ing parugraphs provide a detailed

description of the proposed method.

2.5 Description of the routing method under study
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The routillg method studied in tl-ris thesis u'oulcl ¡rerfìrrnr clistributed routing,

where each individu¿-rl node in the net\\'orl( pcr[orr-ns ror-rtir-rg clecisions. These

routing decisions are based on the rel¿rtionship bctx'ccll the originzrting node

where the decision is being mzrde, the desircd destin¿rtiorr node, ¿rnd the links

that connect the originatir-rg node to acljacent tlodes in the netrvork. By

limiting the routing decisior-r to the origirratir-rq r-rocle's linlis, the number of

alternatives that a neural llct\\'orli irus tr¡ cor-isiclcr in pcrforuring the routing

function is reducec-l.

As discussed, netrvorks cor-rsist o[ a set of nodes collr-ìcctecl tc) each other by a set

of links. For simplicit;, the sample rletrr,ork uscd in this thesis rvill be an

undirected connected grapl-r; Ihis mc¿u-rs th¿rt ¿rll links arc bidirectional (a link
can be used to define ¿ì roLlte in either clirecl.ion) ¿urcl Ih¿rt'.rt le¿rst one route can

be defined betrveen any t\\¡o nodes. A routc [hrough ¿t llet\\,ork cc¡r-rsists of an

originating node, ¿r destin¿rtiou nodc, ¿incl ¿i ¡ieclLlcncc clf iuterveuing links and
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nodes between them that defines

route will be a link that connects

As stated above, there rvill alrva),s be at least one route that rvill connect any

two nodes; in most cases there n,ill be multiple rolrtes betn,een them. In order

to make a routing decision, solre t¡,pe o1'criteria is requrired to allow for
comparison of the multiple routes betrveen the <.rrigirl¿ìtillg and destination
nodes. One method of provicling this criteria is b.r, arssigning a r.r,eight or value

to the links and nodes of the net\\,ork; ¿ì rolrte that is comprised of a sequence

of nodes and links is then assigned ar rveight equal to the sum of the rveights of

the links and nodes. By relating tl-re lveights of the multiple routes to the links

that connect the originarting node to its acljircent ncic'les, ¿'r p¿tttern is defined

that can be used as tl'ìe criteri¿r fìrr perlìrnrir-rg rout.ing clccisions.

This method c¿rn best be shon,n b¡' erample. In lrigr-rre '2.9(tr), route C-F-J

connects originating node C to destinatiorr nocle .J. One o[ the intervening

links in the route n,ill be ai link th¿ìt collllects thc origir-rlrting node C to the

adjacent node F. In addition to tl-ris first rotite,'"rclditional routes frorn C to J can

be defined through the other links th¿rt connect r-rode C t<.r its otl'ìer adjacent

nodes. In Figure 2.9(b) , three other roLrtes can tre clefined: route C-E-H-J

connects C to J througl-r the linli t.h¿rt ('onncctsi I'l<¡cle C- to node E; C-D-G-J

connects C to J through the link thirt colllects noclc C to nodc D; ;urd C-A-B-E-H-

J connects C to J througl-r the linh that counects r-roclc C to uoclc A.

In the example rve have identified f'our separ¿ìtc roLrtes frclm C ro J, but as yet

we cannot make a decisic,¡n as to \\,hich roule is thc bcst; sorne I'orm of criteria
is required for us to make ¿r decision. In Iìigr-rre 2.9(c), rveights ¿rre ¿rdded to the

links that ¿rre in proportiolt to their qeol-ìtcLric di.st.ul-rr:c. lì¡,zrdding the weights

of the links for each route together, r ri,eight lì¡r cach routc is determined.

The rveight for each rolrte is uo\v ¿rssociatccl rvith thc liltli th¿ìt connects

originating node C to tl-re ardjacent l-locle that def incs the first prìrt of each route

from C to J. On the basis ol'comparing the rolrte rveights, ttre route that
represents the shortest geometric dist¿rnce lrom C to.J is C-I.-J, and the link
from C to F is the first choice for routinq. In adciitiou, tl-rc ranking of the other
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Figure 2.9(a):
One possible rotrte
from originating nctcle C rc destination
node J is the r<>ute C-F-J. One af the
links in the route is the link that
connects originating node C rc node F.

Figure 2.9(b):
Other possil'tle rou tes
from originating nocTe C to destinatic.tn nctde J
and their links front originating nc.tcle C tc.t an
adjacent node:
- Roure C-E-H-J (link C rct E)
- Route C-D-G-J (link C tct D)
- Roure C-A-B-E-H-J (link C rct A)

Figure 2.9(c):
Weights are a.s.signecl to iink.s. Weighted vítlues
for routes lTre calcLrlLTtec/ ;rncJ ;rs.srx'iilIeL1 with
/inks.

Roure
C-F-J

c-E-11-J
C-DG-J

c-A-B-E-1-r-J

Page 30

link
Ctc¡F
Ctt>E
CtoD
CraA

Figure 2.9(d):
Routing proces-s is repeatecT v,ith nocTe F acüng
as the originating nocle.

route t¡alue
0.240
0.251
0.3s0
0.504

Roufe
F-C-E-H-l
F-E-r-r-J

F.H-J
F-l

F-G-J

\\\\
\\\\\\\\\\\

Iink
F toC
lt' to E
FtoH
FtoJ
FtctC

ft¡ute vAlue
Lt,.) +.)
0.261
0.211
0.151
0. 1c)l
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routes has also been determined; roures C-E-I-I-J, C-D-G-J, ¿-urd C-A-B-E-I{-J are

the 2nd, 3rd, and 4th choices for routing, respecti\/ely.

By using the above method, the links from ¿r gir,zen originirtirrg no<1e have been

ranked with respect to a lveighting factor to the destination node. The routing
decision would select the link from node C to node F as the best choice for
routing to node J, and a portion of the complete route has been defi¡ed. In
order to completely deterrnine the route, the s¿rme process r,r,oulcl be performed

with node F as the originating node tr¡zl¡o to cletermine the best route to node

J. The process is repeated relating destinartion lrode J to the links that connect

node F to its adjacent nodes. In this case nc'¡cle Ir is connected by a link to node

J, and in determining the rveights ol' the roLrte the clircct linli r,vould be chosen.

The routing example with node F is shorvn in l:igtrre 2.9(cl).

As demonstrated above, the relationship of'thc originzrting node, the
destination ttode, and the adjzrcent lirrlis carr bc usecl to perfonn routing. In
order to perform the routing dccisions ¡lroperl¡/, ho\,\/e\/el-, the routes that are

related to the adjacent links must compl-r, rvith the lollor'ving rules:

- The routillg sequellce fror-n the c.rriginlting node to the destination

node through a specific irdjacer-rt link rnust be the best route usi¡g
that link based oll the criteria usecl for routing. In f igurre 7.9, route
C-A-B-E-H-J and C-A-D-G-J are both roLltes from originating nclde C to

destination node J, :rnd both use the acljniccnl linli f'rom C to A; but
route C-A-ß-E-H-J has thc sr.nallest \vcightins f ¿rctor. 'l'he best route
must be used for each adjarcent linli in orclcr l'or the order of the

routing choices to be properl¡, cletcrrnined.

- The routitlg sequelìce frorn thc origiu'.rtiug nodc to the destination

node through a specil-ic erdjarcent link r-nust rlot rcLrsc the originatillg
node. This rvould le¿rd [o incorrcct rourtir-rg dccisions ¿rnd a
depeudence oll another eiclj:rcent lilili (:()uuc(-tccl to the originating
node. Please llote th¿rt in 2.9(d), uodc I;sc'.rrchccl f'or i-r route from
node F to node C; Il-tis is ullow'cc'l f'or uoclc Ii: l-i¿rs become the

originating node perl'ornting the routinq ciecisiolr.



Chapter 2 - Oven'iew

The next section of this thesis n'ill further describe the routillg information
used in the simulations and experiments. In c<-¡nsidering the objectives of this
thesis, the collection and creation of the ror-rtin.g inf'orn-l¿-rtion ¿-rnd its relation
to the adjacent nodes is not being str-rcliec1; sis¡nirture ¿rnal.r,sis of messages

between nodes as discussed previonsl;z lr one possible method that can perform

this function. The objectir¡e is to study the '"rbilit¡, of a neural netrvork to iearn
and process this information to perform routing decisions. As n,ill be shown

in later sectiorls, the learning of the routil'tg information n,ill allow an

individual node to not only determine the link that defines the shortest route
to a given destinatiorl node, br,rt also cietermine the best altern¿rte link(s) if the

first choice is not available.
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Chapter 3

SÍngle Network Node Modelling
In this chapter neural nettvorks lvill be stu<Jied to cJetermine their ability to
learn routing information for a single node in a sample network. Several
network topologies and training methods rt,ill be tested, and modifications to
the training set will be perforrned to cletermine the effects on learning. From
these tests, conclusions rvill be rnade on the optimal parameters to perform
learning of routing information.

3.1- Description

3.1.1 Description of the sample network

In order to study the ability ol. a neural netn,ork
decisions, a sample network is requirecl to prorricle
the research. The sample netn,clrk usecl I'or this
3.i.

Page 33

to perform network routing
the network data needed for
researcl-r is shown in Figure

Figure,l.l:
Sitrnple Nc{u,orÅ
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The sample netrvork is an undirected connecte<J graph illustrative of a simple
communications nettt,ork, consisting <tl'16 nocles ¿rnd a set of associated links.
The number of links connectecl to e¿rcl-r node (the node's valence) ranges from
a 2 to 6. Table -ì.1 lists the r¡alence r,¿ìlues, the number of nodes in the sample

network of each valence, ¿rnd tl-le lrumbers of the nodes.

'['¿tb]e 3, I :
Valence va/¿le.ç for the santple nel-n,ork

Valence

3.7.2 Description of the neural network

2
¡)

Figure 3.2 depicts the neural uetn,ork stucliccJ in this thesis anci its relationship
to the nodes in the satr-nple netr,r,ork. E¿rch neurarl netrvork is trained to
determine routirlg results f'rlr ¿r spccif ic ltoclc in tlre silmple network. The
neurons in the input la.t'er clf' [he nctrral nctu,rlrh represent the nodes of the
sample netrvork. 'l-he ncuror-ls in Ihc oLltput lzr¡,er cLf'Ihe neural network
represent the lirrli.s of'thc spccil'ic rrodc ill thc sarlple netn,ork to its adjace¡t
nodes; in Figure -:ì.2, links l.l to L-l reprcseltt the:rcljacent links connected to
node 9. The trzriuing seL lr¡r each ueural net\\,ork colrsists of routing
information relating e¿lch noclc'¡rrcl its ircljaccrrt links to the other nodes in the
sample network ¿rs dcsr:ribccl in thc introciuctioll ol'this thesis. The task of the
neural netrvork is [o learlt this rclateci ror-rtir-tg iul'orntatiolt for each node. By
performing postprocessins ou Ihc ncur¿rl rlctrvorli's oLrtputs, the link that best
fits the routillg critcria c¿'ru be cletcrr¡ilrcci f'ronr Ihc outpr,rt lzryer.

4
tr
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t)

# Nodes
'l

.)

7
a

2

Nodes

1 ,3,4,9,1 4.15.1 6
5.10.13

2

6,7,8
11 12

In considering the rz¿triotts ueural net\\,ork toprilogies, erctirzation functions,
and learning rules available for use, thc lÌrllon,ing choices \vere made for the
test networks.
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SAMPLE
NETWORK

NEURAL NETWORK
FOR SAMPLE
NODE 9

I igu re .3 .2:
Neural Ne¿lvor',k and it.s rcl¿'ttion to tl"te S;tntple Ne¿r.rrorlr

(routing information)

hidden layers

input layer
(destination node)
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3.1.2.1 Learning rule

The learning rule to be usecl is l3rrck l)ropagzrtion. This rule was chosen

because the task to be perf'ormed is n function of mapping input vectors to
output vectors. Back Propag¿ìtioll h¿ls been found to be an effective learning

technique for mzrpping ancì p¿lttcrn classific¿rtirtn problems [21].

3.1.2.2 Topology

The network topolog¡, is ir fìlur l¿ì-r,cl- I'ccd lìrrrr,ard uetrvork consisting of an

input, an output, aud trvo hidclcll l¿r-r'crs. l:i¿rch la-r'er is full¡, connected to the

following la.r,er. 'l'he f'our l:.r1,s. f'eed forn,arcì uctwrtrk (a three layer
perceptron) is com¡lorrl-r, used rvith thc lìerck Prop¿-rg¿rtion Iearning rule in
mapping applicatious ¿tnd plrttcnl classif ication; the oLrtput rankings of the

neural network can be consiclered 'a parttenr that must be classified for each

input. There ¿-rre Nl possiblc r'¿nliing p¿ìttcnls firr ar saurple lretwork node with
N outputs, and tcl .selcct the c'orrcr.'t prrtl.crn oLrl, of'ar l'.rrge number of patterns

would require a patl.enl c'l¿tssifier t'erpirblc ol'creatiug complex and arbitrary
decision regiotrs. 'fhe three lr.r''cr pcrceptr(irr is rvell sr-rited to creating these

types of regions 1221.

3. 1 . 2. 3 Ac tit,¿t t ic¡ n fu n c t i c¡ n ¿¿ll cl ¿¿.ç,çoc i ¿¡ I ecl v a ri ¿t I-t I es
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The activ¿-ttion [ut-lcl.iou for thc l-rctr,orli is u (iolltir-luous sigmoid [23],
represented b_r, the equirtion bclon,

where

a(r+ 1 )

w(r)

a(t +I) _

is

is

the

the

actir,¿ttiolr vtiluc

n,cightecl surrr ol

+ u-w()lT

of""r llcur<ln,
'thc ncuroll's inplrts, including
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any thresh<tld values, ¿luc1

T is the ltetrvr)rk tcnlpcr;ÌtLtre.

For this function, the threshold is set to zero, and the marximum and minimum
activation values ¿ìre set at O ¿rnd 1 respecti\/el),; these tralues are common in
back propagatioll leamiug. l-l're tcrnper¿r[ure variarble is used to modify the
steepness of the sigrnoid function, ancl is usutrlly set higl-r at the start of
learning to provide a graduzrl ¿ìcti\/¿'r.tion f ul-tctic¡n. As learning progresses the
temperature is reduced, resultir-rg in a steeper ¿ì.cti\/aìtion function that forces
the network torvards the n-linimum error sr'llution.

3.1.2.4 Learning r¿tle ancl ni()tìlct'ttLtn:.

The back propargrrtiotr learrring rule c-letcrmines tl'ìe error betrveen a neuron's
actual output values atrcl the clesired va.lLres, ancl modifies the rveight of the
connectiol'l to thc previous la-tcr; this procc,ss s[Í.trts ¿rt the output layer and is
propagated back to throLrgh the neural net\\,ork to the input layer. The
formula [24] that determines thc chernge in t'onnecti<tn n,eight is shown below
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where

w(r)

Arv(t)

E

ðE(t)/ð'u

cr

Ltu(t) = "#f,> + o$w(r-r)

is thc rveight of- thc cor-lnct tion bctn,een tu,o nodes in
dil'l'crcnI l;r.r crs,

is the i:l-r:.rr-rgc in cor-lncc'tiorr n'cigl-rt through learning,
is the gl<tbal crr()r (the sc¡uarcd crror betn,een the actual

and desired outpr-rt values),

is thc rate ol't:h;rngc of thc glob:rl error rvith respect to

the conlret-tion n'eight,

is the le;rrnitrg rutc (r variable thlt controls the amount
oI rveight <:hrrrtc) arrd

is momenturl (a vuriable tliat spcec-ls learntirrg by using
prcvious r.r,cight <'hungc in['orntartiorr).

o
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By adjustillg the r,¿r.lues of the learning rate ¿uld momenturn variables, the rate

of learning can be corrtrolled. lìor this thcsis, r,¿rlues of 0.2 ¿rnd 0.9 used for the

learning rate ancl monrcr'ìtLul rcspc('tirel¡,; thc r,llues n,ere defaults supplied

by the neural network simulutor, ¿.rncl n,cre lcf't unchanged.

3.1.3 Determination of the routing information

As discussed in tl-re introduction, routing criteri¿r c¿ìr1 be established by
assigning weights or r¡alnes to Ihc links and ltocles of a netrvork, and using the

sum of the n,eights ol'a secìLlerlcc orr liults uncl uocles ttl cletermine the lveight
of a route. This routitrg infìrnl;rtiolr is thc b:rsis ol thc trailrirlg sets used in
this thesis. Iu telccot-nr-lltrnicirt it.rns uct.rvorlts, Lr rveigl-l t rel¿rted to distance
(physical sep¿ìr¿ìti()lr of'nocles ir-r ¿r comr-uurrir:utious netn,ork) or time (the time
to transmit a sigrtal bcttveen noclc.s) r'oulcl bc r-rsccl fìrr the stLtd-v. For this thesis

a weighting [¿ìct(Jr related tr¡ Linrc rv¿rs chosclt, lìrr ¿r time rel¿rted factor can be

used to model borh thc links irncl rloclc,s ol'r c'orìlrrulric¿rticll-ls netn,ork.

The links and nodes of ¿r tclccor"ì-ln'r-rnicutir¡us nct\\,()rk irrtroc-luce time delays

through di['lercnt lllcth()cls. 'l'inrc clclu.r's ilr< urrccl b-r, a transport facility
(transport dela.r's) are a funt'iic¡n of'thc plr-r,sir"rl c'listance betn,een tlo nodes

in the netrvork; in this cirsc ¿ì si¡¡r-ral rvith:-r knon,rl velocity tr¿Ìvels down the

facility, rvith the dela¡,cc1ual to the clist;-rnr:e cliviclccl b.t, r,elocity. Examples of
links in a telecommunic¿ttìons uct\\,()rli inclr-rcic c()ppcr n,ire, fibre optic cable,

and microw¿L\/e radio. "['iurc ciclal,s in ¿r lrctw'orli nocle are iucurred due to the
time required to stvitch a.qivcr-r sigrral bctrvccl-l linlis in aucl out of a node. An
example of al cqr-ripmcllt [hat pcrf'onlls Ihis f'uuctior-l is ¿i telephone stvitch or a

DCS, which connccts clil'f'crcnt cligital signirl inpr,rts to outputs by using a

combination ol'time and spi.r('c sn'itchirrg; tinrc srr,itchir-rg involves the
switching oI a sigtral bctl'ccn c]if'f-crcnt Lir-ìlc slots, irucl this process introduces
delays. Dependiug of' thc n'.rtLrrc of' a sign'.rl and the complexity of a

telecommunic¿tti<ttrs nodc, nrulti¡rlc srvitc'l-rcs n1¿ì_\, bc pcr[r;rmed. ßy using time
based rt,eighting, \/el-)/ di.ssinril:rr truns¡lor-t, ul'ìcl sn,itching ¿tctivities can be

modelled in the srullc llct\\,()rl(, ,sincc Ihc ;rrttivitics all rel¿rte to a time

Page 38



Chapter 3 - Singlc r.r<lclc ntoclcllirrg

component.

Depending ol1 tl-ìe geographic¿Ìl size of. tl-re telecommunic'.rtions network being

considered, the comp¿tr¿ìtive m'.rgnitucle clf' the r,r,eighting for the nodes will
change with respect to the lirrl<s. Il'thc r,¿ìlues of'the node and link weights

are similar in size, then the tinrc clela¡,s of'the links ¿rre smzrll, and the network

being modelled u,ill have a smrill gcogritpl-rit: area in telecommunications

network terms; such a net\\,orli nrodel n,ould represent a city. If, however, the

node weights ¿rre small in cc,rrnpzrrison to tl'ìe link rveights, then the network
would cover a lzrrge geograrphic ¿ìrea, more closely rnodellir-rg a large network
between cities. In this thesi.s thc soal is to ll1oc1cl large scale netrvorks, so the

link weights rvould be sevcr¿rl timcs larqcr than thc node n,eights.

For the purposes of'this Ihcsis, rr virllrc r¡f 0.25 ntilli.sccclnds rvas chosen to
approximate the nlitxilt'lt-u-r-r tir-llc rlclav l'or rt 11ctr'r,ork node; this is

representatir¡e of' an a\/er¿'ì..qc clclu¡, in current lclccomrnunic¿rtions networks.

The lengths of the links shon,r'ì in ììigurc.i.1 rvere measured and provided in
Table 3.2. If the utrmoclil'icci linlt lcrrgths \\/cre to [-re used flor the weights, the

link weights rvr'¡uld be bctrvcc¡r rS ¿rrrcl (r0 tintcs largcr than the node weights,

which would be loo largc ¿r dìf'l'crcncc ill nl:-rqnitude for the desired
simulations. 'l<t reclttt:e the clif'l'creucc itr ntirgr-riLtrcle betn,een Iink ancJ node

weights, the link n'cights wcrc rlllrltipliccl b.r'a f'lt<:trlr cll'0.,ì7; as a result the

Iink weights were t1<)tv be[rvcen .ì ar-rcl 20 timcs tlre sizc of the no<Je weights.

The value of 0.ri7 n,as proclncecl I'l-r.using Ihe f'ollorr'iug formula'r
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(7 600 000) (1.46)

where

(300) (100 000)

7 600 0ü)

7.46

300

100 000

Scaling l¿rctor

i rrdcx of' rcf'rarìl.iorr

Specd of' liglrt (lirn,/nrscc)

llunlber Of' r:cr-ltimctcrs pcr

0.31 (msec I cm)

kilonreter (cn-r/km)
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2.0 330

q

2.9271

0
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1

2.9271

2

J
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4

Table 3.2
Langth valttes for each Iink in the san¡tle nertork

2.2895

E

2.7 1 21
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2.0330

8

3 1269
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Chapter 3 - Single nocle moclelling

To use the values in the above f'ormul¿r. in ¿ur illustr¿rtive example, if the sample

network rvas drar,vn to ¿r 1:7 600 000 scale, ¿rnd the velocity of a signal was the

speed of light divided b), the given index of refraction, the factor of 0.37

milliseconds/ centimeter is procluced. To provide an idea of the scale used,

Figure 3.3 shorvs the szrmplc netn,ork superimposed on ¿Ì geographic area of
equivalent scale.

Edntr¡ntc>n

Page 4l

Cal¡¡ar;'

liigut't: -l ..1:

Compztri.sort t'tI sttnt¡tla /]c¿h'or'/i lo a g(:ograttltic at'c¿t ct['et1trit,itlent sca]e.

After performing the clcsr:ribecl sculing, thc ucn,r''ìlnes.tre provided in Table

3.3(a). When the rveights ol scvcnrl samplc sccìLren('cs clf'nodes and links were

summed, it r,r'as f'ouncl that tl-re r()Lltc rvcigl-its \\'crc tc)() l¿ì.rge to be used as output
values for tr¿rining in bacl( pr()p:.rÍrirtion llct.rr,orks; tl-rc roLlte rveights must be

between 0 and I litr Ihc r-rct.rvorhs, lc'tir,¡rtioll I'ur-rctious, anc] learning
paradigms to be used. lJ.r,multi¡rl¡'ing lll of-thc n,eights b¡,0.1, the weights

were reduced to valttes rr,hcrc thc rcltrtc n,eights cor-rld be used for training
purposes. The resr-llting lirral n'cighting values firr the nc¡des and links are

provided ir-r 3.3 (b).

l(c.r;inrt
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Table 3.3 (a)
Scaled node and link weights

0.7455

0.7081

lnternal (Node) Weight:

ö

0.8867

0.2 500

1 .O734
o.8 396
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table 3.3 (b)
Final nett'ork veiglus (node and Iink weigltts nultiplied b1 0.1)
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Link Weight Multiplier:
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Chapter 3 - Singlc noclc nroclclling

With the weighting r,¿rlucs fÌrr thc noclcs ancl linl<s determirred, pattern files

containing the routirrg infornr'.rtion lìrr:-ì. scL of.sar-nple nocles were generated.

It was decided that a small sct of' sarnplc nodes n,ould be initially tested to

evaluate the performance of the neural netn,orks. The sarnple nodes chosen

were nodes ?,9 and i1; tl-rese n<lc-les h'ave 2, -1, ancl (r zrdjacent links respectively,

and by using these nodes f'or the initi¿rl tcstiug the results n,ould provide some

indication of the performirncc of' thc lleur:--rl uetn,orks lÌlr smarll, medium, and

large numbers of' outpr-rt uoc'lcs.

The pattern file flor Noc-le 2 is shon,n irr 'l'able .:Ì.4. E.;rcir parttern I'ile consists of a

set of input,/outpu[ \/ector pair,s.'l'hc irrl-rut vc('tor is a billary vector that

asserts a single in¡rut. llcLlrou rcprescr.ìting a s¡rcr:il'ic clestination node. The

output vector is ¿r real virlue vc(:tor- reprcseutiug the ror-rting information for
that particul¿rr destin¿rtion noclc clcrivcci f'rom thc routillg criteria discussed.

In each patteru f ilc, ouc of' thc I (r irrpr-rt ucLlrorls reÌlresents the particular
node in the sample uct.\\,orli tllrrt is bciu54 trlinccl; '.rs a rcsult, the output vector

for that node n'clulcl colltiritl '/.ct'() r''.rlrrcs. In 't'able ,'ì..+, these values are

associated r,vith input ueuron i2. Irr thc'/,4, iì.uc1 (r oul.pr-rt nclde training sets,

the corresponcling input neLlr()ns r.r'ith zer<l olrtpLlt \/ect()r values 
^re 

7?, i9, and

i11 respectir¡el),. When thc uctual trair-ring n'ars perfclnlecl, this zero output
value vector pirir tvtts cxcluclccl, ancl thc tririnir-rg sct. cor-lt¿linecl 15 inptrt/output
vector pairs iusteacl of' I (r.

All of the pattern f iles usccl in lhc initial tcsiitlg <'r-rn l'lc fìrur.ld in Appendix A.
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3,t.4 Description of' thc simulation package

With the b¿rsic ncural uet\\,()rk top()log\', trr:tirll.iol-l f'ur-tction, learning rule
and initial trainillg scts dc['inccl, thc training of Ihe ncural netn,orks could be

simulated. The Ilet\\'orl( sinilrlations \\'crc pcrfìrn-necl c)l'ì ¿ul Apple lr4acintosh

IIfx with 4lvlll lìAN{ ¿ulc.l ¿tn ¡ì0 NIII hurcl clrivc, 'l'hc ap¡rlicatior.i used to perform

the simul¿r.tious \v¿rs lvlac[3rlin 2.0 irncl ,i.0, clistributed by Neurix of
Massachusetts. lt'l'.'rcßr¿ril-r is ln ncr-rr-¿rl nctrvork sinrr,rl¿rtion p:rckage capable of
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Chapter 3 - Single uoclc rloclcllirrg

Neural Nefwork vvith l6 input neurons, 6 output neuÍons, and
2 hiclcien lavers ctl'6 neurons each
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Figure 3.-l:

Neural Netvyork vt,itlt l6 iu¡tut neurons, 6 ctut¡tut neurons, and
2 lticlcien /ar.,er.ç ctÍ' I neurons each

l:igure ,).5:

Ncural Ne¡r.yorA vvitlt I (¡ in¡'tut ncurrtns, 6 out¡-tut neurons, and
2 lticlclen lal'ers ct[' !0 neurotts eeclt

[:igurc.ì.(t:



Chapter 3 - Singlc rroclc uroclclling

simulating different neuritl netrvork topologies, acti\/ation functions, and
learning rules.

The first objective ol' the sinlulatior-ìs \\,i.rs to cletermine a. suitable number of
neurons for the uettral lle[rvork's trr,o hiclclen ia-r,ers. For the initial testing
three combin¿rticllrs of hiclclcn luvcrs rvcrc nsccl; both hidden layers contained
equal numbers oI tteur{rtts, n,ith each la-r,er ir;n,ing f,, 8, or 10 neurons.
Figures 3.4, -ì.5, ¿ulcl -ì.(r shctn, lhc topologies of'a (r output lteuron, two hidden
layer netrvork tvith (r, 8, aucl I0 ncuror-ts per hic'lclen l¿ìr,er respectively. These

networks tvoulcl beconre thc Iìrunclatioll f or ¿rll testil-tg; to create a neural
network for atrl'of'tlre senrplc nctrr'orli noclcsì, olltpllt neurons are removed
until the desired nullber is attliltccl.

3.2 Training the neural networks

3.2.L The V1 Macro

The three llet\'\/ork topologics \\'cre truirrccl trsiug the thrce training sets

generated filr Irocles 2, 9, uttcl I l, rcsLrltinc in () [rltinccì rrcural netn,orks; Table

3.5 lists the nine ltct\\'orli topologics.
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Network
ldentif ier

v1.2.06.2

'l'ablct.1..i:

Nc¿¡r'¿i nc{r.r'rri-Ä nprtlogia.s u.scrl in lltc initi¿tl tasting

v1.2.06.4
v1.2.06.6
v 1 .2.08.2
v1.2.08.4

Description of macro used, number of neurons
per hidden layer, and number of output neurons

v1.2.08.6

V1 Macro, 6 neurons/hidden

v 1 .2.10.2

V1 Macro, 6 neurons/hidden

v1.2.10.4

V1 Macro, 6 neurons/hidden

v1 .2.1 0.6

V1 Macro, B neurons/hidden
V1 Macro, B neurons/hidden
V1 Macro, B neurons/hidden

V1 Macro, 10 neurons/hidden laver.2 output neurons
V1 Macro, 10 neurons/hidden la|er, 4 output neurons
V1 Macro, 10 neurons/hidden laver,6 output neurons

aver,2
ayer, 4 ou
aver, 6

ou

ayer, 2 ou

out neurons

ayer, 4 ou

put neurons
ou

aver, 6 output neurons

put neurons
put neurons
put neurons

Training
set used
Node 2
Node 9

Node 1

Node 2
Node 9

1

Node 1 1

Node 2
Node 9

Node 1 1
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In Maclìrain the tri,tiuing ol [he ncur¿rl nctrr,orks is perl'clrme<1 by opening a

network file colltt'til'rirìg thc ueurirl uet\\,ork lnd the p¿ìrarneters for its
neurons and conuectiolls, plrsting ¿r p¿ttt.cnl l'ile rvith the tr¿rining set onto the

network, and e.recr-ttir-tg a icon-L-lasecJ ['lon,chlrt m¿ìcro that contains the

training algorithm. 'l'he first algoritlrm u.sed in testillg n,as called the V1

Macro, rvith the flotvcl-l¿trt fìlr the rlra('ro shorvrl in Irigure -1.7; the actual Vl
Macro graphic c¿rn be for-rrrd in A¡rpcr-rc1ix A.

The V1 Macro perlìrrnrs the lì¡llorr,ing I'ur-tctior"rs:

- Prompts the ttser lÌrr the number <.rf'trainil'lg cycles to be executed
(NUN'{CYCLES) and the initial tenrperirtLrre ('l't1N,tPtrììATtlRE) for the

activati()l'ì l'unt'Lioll.

- Executes the lcanlir-rg f'uncLiou iclclrtif iccl b,r, thc [.car¡ node.

- Perforlns a loo¡r in thc pr()qrlnt (r-rsrrrg thc variablcs INCIIL:N4ENT ¿rnrj

TES1'l)Ljlì) thaI c¿tlt utl;.ttcs tlte r]ìci.ur sclr-rirr-ccl cn'or (NfSL;), ussigns it to

the vari¿rblc N'[StrlilìOli, rtncl writcs it Lo l tc\t u,iuclon, every 5

learning c-r'cles. In thc sr.nlc loo¡-r it rccluces the temperature,

annealir-rg the nctrvorli cr,crr' 5 lcarnin¡¡ t.-r'rllc.s.

- Performs r'¿r.rior-rs c1ispla.r' lror-rscliccping f'unctions.

- Alerts the user n,hcn Ilrc sinrul'"rtion is conr¡-llctc.
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The initi¿rl settiugs f'or ihc tr-¿rinin!-l \\'cr-c lrs

- Nurnbcr of' training r'¡.r-lcs (Nt lNl(i\'(ll.l:¡^):

- Initial tempcratLrre ('l't:Ìtll'l:l(A'l'tllìt:):

- Learning ratc:

- lr{omentum:

- Metl-rod of' updirtiug:

- Learrring rulc:

3.2.2 Initial analysis of

After the netrr¡rlrks

The MSE graph f'or

fì rllorvs:

2(XX)

0.2

o.'¿

0.9

\\/erc tt-t-titrccl thc ll'ìc¿ul sc¡r-r:.trcd crr()r
llct\\¡.)rl( V1 .2.0(r.1., slrol,ll ill l;igurc

the V 1 lr4acrc¡ trained netrvorks

ll¡-rclating b;, layer

lì:rc li Prop¿ìg¿tti oll

ll:-rtt'h rvith lr,lc'¡mel'ìtum

results n,ere studied.

.i.8, is typical of the
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Turn off
screen updates

lnput NUMCYCLES
lnput TEMPERATUR

INCREMENT=
INCREMENT+1

X> NUMCYCLES?
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INCREMENT=

Turn on
screen updates

TESTPER?

ate screen

Calculate error
Assign to MSERROR

Write MSERROR
to text window

INCREMENT=0
TEMPERATURE =
TEMPERATURE

-0.00025

Mean Squared Error calculat¡on
and annealing section

Perform Back
Propagation learning

l:igure.l.7:
l:lctvvchart ['r¡r tha Vl lt'[¿tcrc¡
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It'lSEValues as a funclion c¡l nu¡t'tl'ter c¡f'tr¿tini¡tfI (),<'les fr¡r netv,orkV1.2.06.4

%

400

mean squared error results 1'or the lliue llet\vorl(s tr¿ìilled; for each network
the MSE started as a large viì.lne ¿rnci then dccre¿rsed mor-totonically after some

initial fluctuations. 'l-hc srl1oc)th dccrc¿rsc o[' thc N'l¡^f value function is

attributed to tl'ìe fact th¿rt Ihc crror rr,'¿rs c¿rlculirtcd ever), ['ive training cycles,

thus resulting in sol11e degrcc of' smoothing of' the f'unction clue to sampling.

After the initi¿-rl error I'luctu¿rtiolls the l'ur-tction clec'rease rvzrs graclual, followed
by a more rapid decrease in the cherr'.rctcristic belÌrre ouce zrgain levelling off;

the majority of the learuit'tg in the netn,r)rlt u,as probabl¡, performed during
the rapid decrease ir-r the charar:lcristic. A reviov ol'the N4SE graphs for all
nine networks shorvs th¿tt the nulrber of'c),clcs rccluirec-l to reach this point in
the characteristic rvas depcnc'lcnI on thc nurnber of'or-rtpr-rt neurons and not the

number of hidden nelrrorls pcr lar¡'cr. l:isurcs.i.9, .i,,l0, and -1.11 show the MSE

characteristic ¿'ts ¿t functir¡rt <¡f ),.1, i-rnc1 (r <.rut¡rut llodes, respectively. Figures

3.7?,3.13, and 3.14 shou,thc lr{Sll ch¿rr¿ictcristic ¿rs ¿r l'ut-rction of 6, 8, and 10

neurons per hidden la¡,s¡ resper:tir,,el-r,.

One other importz-tnI l'e¿ttLrrc of'c¿ic'h lrlsll ch¿rractcristir: is that eight of the

nine netrvorks re¿rcl'led a r-r-liuimrrnl lr'[¡^li valr-rc during the training, and then

the MSE values began to incr-cr.rsc; tliis ['caLtirc is most er;icleltt in the VL2.06.2,
which reached the mitri¡nr-rm lrlSL: af ter (rt3.5 training c¡,cles. In V1 .2.06.6, the

Y
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Figure 3.9:
N'ISE values for netv,orks v,it:h tv,o oLttpLtt neurons using the Vl Macro.
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v1.2.06.2

v1.2.08.2

v1.2.10.2
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Number of Training Cycles

Figure 3.10:
NISE v¿tlues Íor netvt,orks v¡,illt four outpttt neurons using the Vl Macro.
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network did not reach a minimum r'¿ìlue rvitl-rin the 2000 cycles; a later
training simulation found th¿rt this netrvr.rrk reached the minimum MSE at 2265

training cycles. Table -3.6 provides a complete listing of each network's
minimum MSE and the number of training cy'cles required to reach the
minimum.

'f¿tl¡le 3.6:
V.l lt4acro ¡ninintunt Â/S1; rcs¿11¿.ç ;"tnci nuntlter oÍ' Ir¿ti¡ting cycles

Network
v1.2.06.2
v1.2.06.4
v1.2.06.6

In considering the c¿ruse of thc increasing tr,t¡^Ë, it \\¡¿ts theorized thar the Vl
Macro's annealing process hacl rcachccl a point u'herc the decrease in netrvork

temperature \,vas no lor-rgcr assisting the lleL\\,ork to re¿rch its minimum
energy, and that the stccpenittg r-rctivutiou f'uur:tion rvas the cause of the
increasing error.

v1.2.08.2
v 1 .2.08.4

Minimum MSE

v1.2,08.6

2.26890 E-3

v 1 .2.10.2

4.41559 E-3
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v 1 .2.10.4

6.57322 E-3

v1.2.10.6

2.25664 E-3
4,10530 E-3

3.41948 E,3

# Trainino cvcles

2.26328 E-3

To test this theor¡2, ir spcciitl r-nut'l'o \\ii-rs ('reittccl tl-iat n,oulcl anneal the netlvork
until the minimum lvlSE rvas clctcr:tcd, then lrold the tentperature at a fixed
value and let the lraillil-tg continr-rc. Ar-l r-rr-ltr¿riueci t'op,r,ol'the network?.06.4
was selected, and thc ncrv triiinin!{ ul¿r('ro \\,rÌs e.\c(tlltec-l l'clr 2000 training
cycles. The result \vas tl-ì¿rl. r-rt lhc poir-rt of'rrirrirtruni ivls^E ¿r small jump in the
MSE value was loultcl r.s thc tcrì1pcri.rt,urc \\'í,t,s bcing f-ixed, then the MSE

characteristic cclntinuccl to clccrc¿rsc rrs bcfìtre. I':igr-rre ,ì.15 compares the
portion of the V1.2.0(r.4 c'hnntcl.cristic rrc;rr thc mininturnr lr,tsli point to the new

macro's results.

4.26277 E-3
4.83774 E-3

685

2000 (2265\
1 375

795
1 480
1 540
875

1 300
1 750

With this result founcl, it n,¿ts dec'iclccl tl-r¿it the llcxt piìrt of'the research would
compare the output resr-rlts of'thc Vl ir'l¿rcro traincd uetn,orks n,ith trvo new sets
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of trained netrvorks; the firsr l1e\\¡ set of'uetn,orks rvcluld use the new macro

that stops the annealing ert the poir-rt ol'nrininrunr lvf;^E ¿rnd continues learning,

and a second set of netl,orlis u,oulcl be trained to thc point of minimum MSE.

The training for these two sets of uetu'orlts rvill non, be described.

0.006

0.005

0.004

0.003

0.002

0.001

0

o
LU
io
0)
(ú
f,o

U)
c
(õ
q)

\

1000 1100 1200

å

Page 53

3.2.3 The V2 and V3 Macros

The speci¿rl macro describccl c;u-licr is callcci thc V2 lr'fircro; the flon,chart for
the macro shcltvtr itr I:igurc .ì.1(;, uncl thc ¿rcturirl V2 N'[at'ro grapl-ric can be found

in Appendix A.

Cont ¡'ttt t'i.sct u

1300 1400 1500 1 600 1700 .1800 1900 2000
Number of Training Cycles

l:i¡¡,trt'c ,l ,15:
r¡l l¡/.91: Valucs [i¡r V I ancl S'¡-tct'ial ltl¿tcros

The V2 lr4acro is ¿in exLeusiou of'thc Vl lrl;rcro. 'l'his ncu,rrì¿ì.cro performs the

following functions:

- Prompts the user f'or thc uuntl'lcr of'traiuiug c¡,çlss to be executed

(NUMCYCLES) anc-l the inititrl tcrl¡-rcrLìtLrre ('l'[:N'll'tll(ATLfRE) for the

activatiol-r fulrctiou.

- Executes the leartrir-tg furrt'tiorr iclcrrti['icc] b¡ thc l,c¿rrn node.

- Performs a loop in thc pr()gr-i.ulr (r-rsitrg thc r¿rri¿rblcs INCREIvIENT and

TESTPER) th¿rt calcurlrtes Ihc nic'.tn sc¡rurrccl crror, assigns it to the

variable N'ls^ElìlìOR, ¿rucl rvritcs it Lo ¿r Lcxt rvincl<ln'c\/er)/ 5learning
cycles. In the siìll1c loop the tcst.itlg lìrr the lninintum MSE is

v1.

2.0

06.4

\)PgUlcl¡



Chapter 3 - Single nocle nroclclling Page 54

Mean Squared Error
calculation sect¡on

,,.,,,,1:,,,,; ,,,,, Minimum Mean Squared Error test
,,,,,,1:,:,:;,,',,,,,;, an d an n eaI í n g sectio n

Figure 3.16:
Flou,chitrt for the V2 lt4acro
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performed and attnealing the netn'orl< is ¿rlso performecl. The macro

starts to test for the rnitrimum lr,f¡^[ af'tel'tl-re llumber of training
cycles is grearter than the r,¿lri¿rble I,OWPA¡^¡^, which \\riìs sel to a high
value so that the initial t\'lslr f luctuations rvoulc'l uot cause the
annealing to stop premzrturcl¡,. l'hc varitrblc Ìr4SEPIìEV holds the
previous value l'or the lvl¡^[:, rvhich is comparreci tcl the latest value
stored in MSEIìIìOR. If N'l¡^ËlìlìOlì is lon,er, then its value is written to
MSEPREV, the temper¿ìture is lorvered, ancl the learning continues.
If MSERROR is higher, Ir{¡^EIìROIì is rvrirrcn ro N,rsEpREV, rhe
temperature is increascd to the valurc rvhcrc the miuimum IvISE was

determiued, ¡^TOl)ANN[At. is us^signccl thc vrlue of' X, arncl learning
continues. B¡, ztssigtrittg tþc yalurc ¡f'X t. S'l'OpANNfjAL, the testing
for miuimurn lvls^E is slo¡rpec1 at thc ¡roir-rt n,hcre ¡^I'OPANNEAL is

compared to ANN [A I;f lib^-l'.

- Performs r¡arions c1ispla_r, houscl<cepitrg l'unct ior-rs.

- Alerts the user rvhen thc silnul¿rtiol-l is corlplctc.

The V3 Macro is the s¿ìI1le ¿rs lhc Vl Nlacr-o. In orcìer t() trairl the netrvorks up to
the point of the ntil-lilr-lr-u.r-r irl¡^l;, thc vuluc r¡f'NtfNICYCL[:js^ i'or each of the
networks was set to the trrrurbcr <lf'trair-tinq cvr:lcs to re¿'ì.ch minimum MSE

found during the previous training usirrg thc Vl lrlacro. I--or the V2 and V3

network training, the fìtilou'iug ¡raralrcters n,erc uscd:

- NUMCYCLES (f'or V2 lvlacro): 2(XX)

- NUMCYCLES (f'or V-ì ltLlcro): )^cc'l'able -ì.6

- Initial temperarlrre ('l'irtr,ll)ir:lìA'l'[ilìlj): O.Z

- Learning r¿Ìte: 0.'2

- Momentum: 0.9
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- Method ol'updating:
- Learning rule:

By performing tl're traiuin.q of'tlrc r-tct.rvorlis Lrp

relationships lvere flouncl hctrvccr-l thc V I , V2, ;rrrcl V

the one exceptiol-t to this \\:i-rs Ihc 2.0(r.(¡ l]ctrvorlis,

LJpdzrting b¡, group

lìack l)ropagatiotl

[]ltch rvith lr4omentum

to 2000 cycles, similar
.j lrL¿rcro tr¿rined netrvorks;

rvl-icrc tl're results for all
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macros were the s¿lme siuce the I'unction did not reach a point of minimum
MSE. For this netn,ork to exhibit the same relationship t<l the others tested, the

number of tr¿rining c.r,cles perfirrrlecl has to exceecl the number of cycles

required to reach the miuimum ltisl:ì. Since [he minimum r¡alue was reached at

2265, the Vl and V2 netu,orli.s rvere trainccl n,ith thc r,¿rlue of NUIr{CYCLES set to

2500.

3.3 Analysis of the VI, V2, and V3 Macro results

A total of 9 nettvork topologies usir-rg ,J dif'f'erent trarining methods were

trained, resr-rltit-tg ill ¿t Lotal o["27 [nìincrl t]ct\\,()rksi. 'l'hcsc netr,r'orks \,vere then
compared r'r,iIl-t rcspc(]L tr¡ hr¡rl rvcll Ihcv lclrrrrccl tlrc target rzalues of the

training sets. A ltunrbcr- ol' r'olu¡-rurisor-rs tvcrc pcrfìrrmcd on these networks,
and these are describeci in this scctiorr.

3.3.1 Analysis of the individual netn'ork results

The Mean Squared l-:rror vrtllte lirr cr<'Ii of' thc 27 trai¡ctl netl,orks were

recorded; Tarble .3.7 cot-npltrcs thcsc r:.rlucs fìrr c'.u'll of' tlre u-ì¿icros testecJ. In all
cases, the lt'l>^E va.lucs tvere Iorr'cst fìrr thc V2 NI;rcro. 'l'his 

N,l¡^E value, however,

does not girre us ¿ìlt)/ detlilccl iufìrrurati()u ¿rs to ho\\,the tr¿rilrecl r,¿rlues compare
to the target v¿rlues of'thc lrainillÍ{ sct. 'l'o provide a bctter zrnalysis of the
training, the set of'trained ()Llttrllrt r.alues \\lits rc(lorclcd litr each network and
compared trt the trlriniug sct.s.

'l ablt .i.7:
Contparison t¡l ltl.\'l: I'c.ç¿r/¡,s l<¡t' tltc V I , V2, ancl V.J ltl;tr:t-os
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Network
2.06.2
2.06.4
2.06.6

V1

2.08.2

Macro MSE
1 .38996 E-2

2.08.4

5.58325 E-3

2.08.6

5.33428 E-2

2.10.2

1.21472 E-2

2.10.4

4.71355 E-2

2.10.6

V2 Macro MSE

4.47730 E-3

2.12573 E-3

1 .82580 E-2

3.55090 E-3

5.22332 E-3

4.79963 E-3

5.16670 E-3

2.09814 E-3
2.83'197 E-3

V3

2.54631 E-3

Macro MSE
2.26890 E-3

2.14461 E-3

4.41559 E-3

2.73264 E-3

6.57322 E-3

3.56538 E-3

2.25664 E-3
4.'1 0530 E-3
3.41948 E-3
2.26328 E--3

4.26277 E-3
4.83774 E-3
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3.3.1.1 Average and ,standarcl clet,iat'ion rcsull.ç Í'r¡r (he tr¿tined networks

In addition to tl-ìe lr'lean Squared l:rror results, rl1ore c]ct¿riled results from each

trained network were recorclecl [ì.ir un¿rlvsi.s. -l'he t¿rble f'or <tne of the trained

networks (Netn,ork V1.2.06..+) is shc¡rvn in'['irble -i.8 fìtr illustration, and the

tables for all 77 c¡l'the trainccl nctn'orks;rrc ¡rroriclecl oll p¿ì.ges 8.1 to 8.27 of
Appendix B. E¿rch table reprcscrlts the results of a trained netrvork, and

provides the differeuce of tl-re tarrget (actr-url) r,alues minus me¿rsured (trained)

values of each output rlelrron lì'rr all input p¿rttcrns. ln ¿rcldition, the following
additional inl'orm¿rticlu n'¿ts c¿rlr:lrl:rtecl lilr cnc'h olltpllt tleuron and the rvhole

network:

- The average of'thc ¿tbsollrtc r':tllrc r¡f thc tiif f'crcllc'c ol'tarrget rnillus

measured oLll.pLtI r'¿tlucs. 'lhis r trluc 1-lrrlr,iclcs thc ¿t\/erltge margnitude

of the dif'l'erenr-c lrctrr,ccn nlclisurccl :.rncl Iargct valtrcs. ]'he smaller

the average, the closcr thc trainccl r'¡rlrres rre to thc t¿Ìrget values for
the whole neln'ork.

- The standarcl cleviatioll r¡f'the ¡lirsolute r"¿rluc ol'the difference of
target minus lr-teasttrcd oLrl.pLlt r ¿tltrcs. 'lhis valure provides ¿ì measure

of the vari¿ttion of'the clif-l'crcnc'c vllucs Iì1"the traiued netrvork.

The sm¿rllcr the slatrcl'.rrcl clcr i'.rtion, tlrc ntorc cor-lsistcut the tr¿rined

values ¿ìre to thc tlrrget r alucs,

3.3.1.2 Full ancl ntoclificcl r,;¿/uc l'c.su/t,ç
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In analysing the results of'thc tr-uining, ii \\'lrs Ior:ncl th¿rt tl-re networks
performed differelrtl-r' tr'ith rcsllc( t I,o tl-rc n-lissinu inpr-rt/oLltput vector pair
representir-rg the trode bcirrg trltirrccl. In sol-llc of the ltctn,r)rlis, the learning
proceSS trained Il-lc Orrti]Lll. ncul-()ìls tO IrrOcl uCc i.t zcl'o Yaluc. '[his success in
learning a zero v¿rlue rr,:ìs clcperrclcr-lt on thc nur-¡rl'lcr ol'hiclcìcn latyer neurons

in each trained netrvork; thc nctn'orlis rr'ith (¡ ancl .9 ucurous per hidden layer
learned smaller ()LripLlt r,¿rlues thun t.hc l0 nclrror-l per liic-ic'len layer netlvorks.
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'l-abla 3.8
Truining Results J'or VI.2.06.4
(Natwork 2.0ó.1 , l/l Mocro)

Destinalion

1

2

4

5

o

7

I
I
0

1

2
o

4

5

t)

Neuron o1 (Route 5)

Tarqet
0.370 I
0.6027
0. 5 031
0.3 08I
0.213

0.548 1

0.4084
0.4225

0.6212
0.51 8'l
0.59I I
0.7 597

0.663
U.þ5Jþ
0.8046

Meas

0.38 696
0.59 43 1

0.49084
0.2 663

0.28783
0.533 88
0.33077
0.26476
0.03 6 53
o.62441

0.5127
0.58511
0.78442
0.670 04
0.67 837
0.79761

Diff
-0.0162
0.00839
0.01226

0.o425
-0.0748

0.01 422
0.077 63
0.1577 4
-0.0365
-0.0032
0.00 54

0.01379
-0.0247
-0.007

- 0.024 8

0.00699

Neuron o2 (Route 8)

Tarqet

Neuron
Results

0.3 83 8

0.4619
0.3 623
o.2418
0.337 6

0.377 6

0.2379
0.1 28 1

0.3 76 1

0.273
0.3 04 5

0.4653
0.417I
0.4 08 5
0.5102

Meas

0.34123
0.45203
0.34 667
0.23 695
0.27743
0.36776
0.24452
0.2078

0.02367
0.37954
0.28 933
0.31'116
0.46794
0.41063
0.3 I 525
0.4862

Averaqe IDiff

Destination

Averaqe lDiff
srd
srd

Dev

Diff
0.04257
0.0 098 7
0.01563
0.00485
0.06017
0.0 0984
-0.0066
-0.0797
-0.0237
-0.0034
-0.0163
-0.0067
-0.0026
0.00727
0.0232 5

o.024

Dev

(Full)

lDif

1

2
\)

4
Ã

b

7

I
I
0
'1

2

J

4

5

b

tDif

(Mod)

Neuron o3 (Route '12)

lFull)

Tarqet

lMod)

0.032 89

0.5985
0.61 91

0.5195
0.4 56 5

0.5523
0.507 2

0.39 5
0.3428

0.3 8 84
0.2853
0.1 664
0.3272
0.3I51
0.27 62
0.3712

0,032 64
0.04048
0.041 89

Averaoe lDiffl (Full)

Meas

0.59328
0.61651

0.5 021

0.44'198
0.53 3 03
0.49192
0.3 I 908
0.34296
0.0233 1

0.38312
o.2917
0.2295

o.24207
0.39052
0.30626
0.33132

Averase lDiffl (Mod)

Std Dev lDiffl lFulll
Std Dev lDiffl (Mod)

Diff
o.o0522
0.00259

0 .017 4

0.01452
0.01927
0.01528
0.00592
-0.0002
-0.0233
0.00528
- 0.0 064
-0.0 631

0.085 1 3

-0,0 0 54
-0,0301
0.03988

Neuron o4 (Route '13)

Tarqel

0.02103

Neuron
Results

0

0

0

0

0

0.0208 6

830 6

851 2
/5 tb
6886
7 844
7393
627 1

57 49

6205
517 4
3985
2377
617 2
5083
3929

o.o2202
o.02278

Meas

Network
Results

0.83464
0.83803
0.7 6498
0.70348
0.7861 5
0.74378
0.64714
0.58669
0.0331 I
0.58901
0.47 513
0.3'1962
0.24794
0.58445
0.44 889
0.43 999

Averaoe lDiffl (Full)

Averaqe lDiffl (Mod)
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Diff
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0.03149
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0.078 8 8

-0.0102
0.0327 5
0.0 594 1

-0.0471

Averaqe lDiffl (Full)

0

0

0

U

0

0

U

Averaqe lDiffl (Mod)

0.02118
0.02104
0.02362
0.02445
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0.02532

Std Dev

0.02506

Sld Dev

Diffl lFull)
Diffl lMod)
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0.02618
o.02571
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0.02787
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In studying the dif'[erence vit,lucs associatecl n,ith the rlissing input/output
vector, it rvas found th¿rt this clif'l'crencc virlue rvas significatntly larger than

the difference vetlues for the other trainirrg plrttcnrs. In order to remove the

effect of the missir-rg input/oLltpLlt vector l'ronl the average and standard

deviation values discusseci '.[bove, moclil'icd a\/er¿ìge ancl standard deviation
values were calculateci that removecl ihc missing irrput,/or-rtput vector results.

Both the full arnd modificc-l a\jcragc ;tucl stanclarcl dcvi¿-rtion varlues for each

output tleuron and the rvholc nchvork arc prcx,ided lirr ¿rll of the trained
networks. These values rvill be used il-l t.hc <:onrpirrisol-rs that f'ollon,.

3.3. 1.3 Distribtttic¡n of' cli ['l.crcncc r';¿/¿lc,ç

The average and st¿rudarcl cleviirtioll values clcscri['rec] ab<lve provide a basis for
comparison ol'the t¿ìrgel.;urd t-ncrsr-rr-ccl oul.pr-rt r¿rllrcs. Ilorvever, there was also

interest in the distribution of' thc clif'l'crcncc r,'.rlLrcs f'c¡r each model. The

difference values f'or e¿t<:h uroclcl rvcrc ¿rnal-r,sccl alrcl thc fìillolving distribution
counts were determinccl :

- The number of'targct urrcl nrc;rsurccl virlucs rvith alt absolute

difference of less th¡rn 0.01;

- The number ol'tLìrgcL uncl nrc¿rsurrccl r,alues rr'ith alt absolute

difference qreill.cr th¿rr-l or cclr-nrl to 0.01 ar-rcl lcss thalt 0.02; i.rnd

- The uumber <)f'tLtrget:utcl n-lcu.snrccl vulrrcs n,ith an absolute

difference greatcr t.halr of cc¡r-rrl tr¡ 0.02.

The values used lìrr thc ('()Lult tlrrcsholcls ivcrc nririiraril.r,chosen based on a

review of the difl'erellce r,¿rlues. Iì¡'stuclviuÍì thc coLluts Iistecl zrbove, we could
study the distribution of'thc clif'f'crent:e r'¿tlucs lìrr each ltctl,ork and compare

these distributions '.tgainst r¡thcr- llct\\,orlis; the bcttcl' r-lctn,orks n,ould display
larger coullts in the sm¿tllcr clil'l'creucc ranÍles uncl srlr¿l.ller couuts in larger
difference ranges. J'he r'ournl.s \\/crc ¿rlso r"rlt'ulatccl r,rsiug the lull ¿rnci modified
results to stucl¡ tlrc cl'f'cct ol-thc origirrating llr¡clc arrd the missing

input,/outpLlt \/cctor on ihcsc rli,str-ibtrIiol-ls. 'lìrcsc ('()Lll-ìts; rvill be used in the

comparisons that fÌrllorr'.
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3.3.1.4 Direct contp'arison o[' rc,sult,t beLv,een the diff'erent networks and
macros

For the follorvitrg rlr.rutp;trisous thc lrveraÍjc, stalldarcl cìeviation, and
distribution coLll'ìts \\/ere prcparec'l separatcl¡, lì:r e¿rr:h network and then
compared to other llet\vorks. I'hese comparisons dcl llot directly compare the
difference values ol uetn,orks usirrg the s¿iure training seLs argainst networks
using different nurnbers of' hiclclen lleLlrolls per larl,er or networks using
different macros. To provicle thcsc clircct comprrrisotrs, the follorving counts
were performed:

- A set ol'three r'ìetrvorks; is <'onl¡rur-cc[, ancl the best rcsult (smallest

absolute clif'l'ercnc'c) for- c;.ich r.nclrslrr-ccl ()Llt[]u[ \\'¿rs clctcrminecJ a¡d
counted;

- After the best result Ior cach mcirsurecl ()Lltpur. \\,¿ts clctermined, the

difference results <ll'thc othcr r'ìct\\'orlis \verc (t()mpared to it and

counted iI the clif'f'ercnt'c bcll,ccn it ¿ulcl tlrc bcst rcsult rt/as less than

or equerl to 0.01 ;

- After the best rcsult lìrr crrch ulc.rstrrccl outpr.rt n,¿rs clcterrnined, the
differencc results of' tlrc othcl' nct\\'orlis rvcr-c rtontparccl to it and
counted i[ thc dif'l'crcncc lrclrr,ccu it;rud thc bcst result \v¿ts greater

than 0.01.

By deterrnining the best rcsults o['scts of'traincc-l nct\\'orks, rì method of direct
comparisoll bettveelt thc r''arilrus r-noclcls trnclcr stucl¡,is pr<tvicled. Better
networks rvill displ¿-r¡' l:trgcr ('olluts of'bcst rcsults ¿tllc1 snrrrller coullts of result
values that tvcrc \\'orsc Ililur Lhc bcst l'csults. l'rlorct't'lct\\,orks rvill display
smaller coultts ol' bcsI rcsirlts irncl llrr-gct- ( oLlllts of' rcsulI r,alues that were
worse tharll the bcsI rcsLllts. 'l'rr'o of tlic firllorvirrg c'onrp'.rrisol'ls tvill compare
sets of net\\/orks \/ersLrs dillcrcnt llLllllbcrs of'hiciclen neurolls and versus

different m¿ìcrc)s usecl f'or trainirrc.
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3.3.2 Comparison #I

Table 3.9 cc¡ni¿rins ttitte con¡l:lrisor'l,s ol

description and results

t,l'lrinccl uct.rvorl(s. Ilt e¿rch comparison
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networks that were tr¿rinecl rvith the same macro lrncl have the same number of
output neurons \\/ere coll-rpirrecl \/crsLrs the number ol' lleurons per hidden
layer. For this competrison thc ciil'l'ercr-rc'e clistributic)lt cc)unt I'or less than 0.01,

the difference distribr-rtior-l cc)Lurt fìrr grc'"rtcr thnt'ì or equarl to 0.02 , the
average of tl-re absolute vnlue ol'thc clif'f ereur:c,'"utcl the stancl¿rrd deviation of
the absolute vaìlue ol'the c'lif'ference arc colup:.rrecl. 'l'he best results in each

comparisoll ¿ìre shaclccl.

In analysing the resr-rlts tlI thi.s i:onrp'.rrisr)l-ì, r]o sirrglc llct\\/ork topctlogy (6,8,
or 10 neurons per hidden li-r.r'cr) cousistclitl¡,¡rrovic-led the best results, but the

8 neuron per hidden laver lopoloqr,perf'ornrccl bctter overall than the 6 or 1O

neuron topolr.rgics b-r sr-rppl¡ ing thc bcst rcsurlts or c'losc to tl-ìe best results

more often. 'l'he courp'.tr"isr.rrr of'clistriblrtiolr r.'oLults showed that the
originating troc-le results cor-lsistcrrtl¡'appcarccl ill thc higl-rest coullt range, or
the range tvhere the ¿rbsolLltc \'¿rluc <ll'the cli['f'crcnr:e \\,¿ìs gre¿ìter than or
equal to 0.02.

In the V1 lr'[acrcl tr¿rincd nctn'orlis, Ihc clif'f'crcncc in avcrarge an<J standard
deviation values bctrr,ecn thc l'ull atrcl ltroclif iccl rcsulls n,¿rs small for all
netlvork topol<;gics. 'l'his shorvccl Ihirt Illcsc nctu'orks leurned the zero value

result for the ultLrrinecl orisirrating lloclc. fn thc V'l irnd V-J lr{acro

compariscttts, tl-tc tlocl il'iccl i.t\rcr;rgc r-rrrd sti.utcl'.rrcl clct'iirtion val ues rvere less

than the values lbr the f'ull sct r¡l'rcsr-rlis, rvith siqnif-ir-¿u-lt clil'ferences being

found in the V2 and V-'ì lrLacr-o trrincc'l uct.\\'()rlis rvith 2'"rrrcl -{ output nodes. This

shows that the V2 and V.3 i\'lacros clicl rrot lcurn thc ur-rtrainecJ originating
node's values tc) thc sltlltc cìcgrcc lis thc V I lrl¿rt'ro.

Page 61

3.3.3 Comparison #2

Table 3.10 colltaills l-lil-rc corlr¡-rlrrisorrs of' tr¿rinccì nct\vorks. In each

comparison nettvorks lhat \\'crc truinccl rvith thc s¿ut1e uetn,ork topology
(number of clutput ncLlr()lls lurcl lrlulbcr ol l.lcr-rr-<lr.l pcr hiclden layer) were

compared \/ersLts Ihc r]ra( r() ursccl I'or t.raining. l.ior this cclmparison the
difference distribution c'()Lrnt lor- lcss thln 0.01, thc clif'f crcltce rJistribution

description and resuits
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Tuble 3.9
Comparisott #l:

AvcrugelStondurd Deviulion maesuremenÍs und distributiott counts
Cont¡tctrison rrl'.1¡.,.r ttttnt.bcr oJ'neurorts per hidclen layer
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7'uble 3.10
Com¡tarison #2:

AverctgelSlctnclard Devicttion ntcasu.remen[s attd distribution counts
Com.parison versus Íruining macro
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count for greater than or ccluul to 0.02 , [hc aver-age of the ¿rbsolute value of
the difference, and the stirnclarc-l cleviatior-r of' the ¿rbsolute value of the

difference are compared. The best results in each compirrisc)n are shaded.

In this comparison, the V2 lr'lacro tr¿riuccl nctrvorks consistently performed

better than the V1 and V,:ì N4¿rcro trainccl uetrvorks. 'lhis u,¿rs most evident in
the modified results, rvhere thc V2 trainecl netrvorlts provided the best result or

tied with the best result in -j.l ci['thc -ì6 conrpurisons. 'l'his demonstrated that

the V2 Macro trained net\\rorl(s pcrlìrrnrccl thc best leernting of the target

values.

3.3.4 Comparison #3 - description and results

Table 3.11 cortt¿til-ls nilrc cor-nlrrrrisons ol tr¿rilrccl nctrvorks. E¿rch comparison

directly comperred [hc mcitsr,rrccl olrl,pr-rI r'irlucs ol't]ctrvorks th¿l.t rvere trained
with the s¿l.me m¿ìcro ârncJ h¿n,c the slnrc l-ll-ulbcr of'olttpLlt llellrorls versus the

number of neuron"s per hiclcleu l'.t.r,cl-. I::or this corlparisc)n the best result
coun[, and the count fcir restilts grcatcr tl-r¿ul 0.01 th¿rn thc best result were

compared. The best results in c¿rch r-ou1¡-ll-rrison '.rrc shaclcd.

The results of this cotupurisr)1.ì lrrc vcr¡ sinrilnr to [hosc of'Comp¿rrison #7; no

single netrvork tcrpolo.qv c'onsislcntl¡ ¡rroclur:ccl thc bcsI rcsurlts in learrning the

target values. Olrce lsittirt, the I llcLlrou pcr hiclclcn l¿r.r'er topology performed

best overall, producir-rg eithcr tlrc llcst or closc to thc bcst results in most of the

comparisons.
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3.3.5 Comparison #4

Table 3.17 cont¿rins lrinc r:oni¡rlrrisons of Irrrinccl 11ct\\'orks. Li¿rcl-r comparison

directly compared thc meir,sr-rrccl ou[¡rlrt virlucs ol'l-rctrvrlrks th;rt rvere trained
with the satrte netn,orli topologr'(nurlt-lcr of'ourti-rut ucurotls and number of
neuron per hidden laver') \'ersLls the tr';riuiug lllacro used. For this

description and results
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Tal¡le 3.1 I
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comparison the best

than the best result

shaded.

The results of this comparis<)u iirc \/er),

almost all cases, the V2 lvl¿rc'rcl traiuecl

the V1 and V3 N4acro tr¿rilred lletn,r)rks.

V2 Macro provided the besr re.sults ill rrll

result coutlt, ancl the

\vere col-tlp'.rrcc-l. l'he

3.3.6 Summary of conclusions from Comparisons I to 4
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coLlnt ['ctr results greater than 0.01

best resr-rlts in e¿rcl-r comparison are

Comparisons Í/2 ¿urcl l;.1 rìon<'llrclc thut thc V2 i\lucl-o Lr¿rincd llctworks produced

the best trained netn,orks o{'thc Ihrec m'.rcros r-rsccl in the simulations. If
Comparisons #1 ¿rnd #-ì are revisitcc'l rvith thc focus on the V? lr4¿rcro trained
comparisons, atlatl.t,sis <¡f thcsc conìpí-rrisolrs clenrc¡nstratcs that the 8 neuron
per hidden la¡zer net\\/ork topcllrlg-r' ¡lroviclccl the tlest cn'er¿rl1 performance in
learning the target r'¿ìlues;. Irr Oornpur^ison ,'l-i, tllc rS t]eLlroll topology provided

the best results iu 5 of'thc (r conl¡-xrrisous r-rsing the moclified results.
Similiarly, in Cclurplr-i"on ''l I thc I ncltrOrr tOpOlosi proviclccl tl-re best or near

best results of the three topologics rvllcr.r cor-np'rring thc f'ull and modified
difference distributiotr (,'oLlllts. ln courpirrinÍ{ thc ¿r\/erage ¿rnci stanclard

deviation values therc rvas littlc r':.rriutior-i in thc rcsr-rlts r¡f all three topologies,

with the I neuron topolog.r'again proclucing thc bcst or llertr best results.

Another cottclusiolt flrom thc corl1-r'"rrisotrs rvi-rs Ih;.rt it rr,¿is nselul to consider
the effect rtf'the origit-t;tl.ing noclc on Iltc Ir'.tir]ing of'the uetrt,ork. The
untrained node dcle.s af'fet't thc lcanring of'the uctrvcirks; '"rt the eltcl of this
thesis some recomrnend¿tti<'rns rvill bc l.u¿rclc fìrr l'r-rrther rescarch in this area.

sirrillir to those of Comparison #2; in

netrvorks procìuced better results than

In conrpirring the ntodified results the

1I comparisons.

Based on the comparisor-rs pcrfor-l'nccl lt-lovc, l-ìct\\,or-lis r-rsir-tg the B neuron per

hidden layer topolog.v ¡urci lhc V2 Nlar:ro proclut.'ccl thc best results for the

range of output lteLlr()lls r:onf'icLrrulions tcst.ccl.
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3.3.7 Comparison of the routing results of' the trained networks

In the comparisous perfomed al'love, the rcsults of'cach trained network were

judged as to hotv close the me¿rsurecl olltpLrt r,¿tlues \\rere to the target values.

Our conclusiolts from thesc courp'.rrist)us \\,erc that the V2 lvl¿'rcro trained
networks perforrned best, ¿urcl that thc S nodc ¡rer hiclden laryer networks
provided the best over¿tll ¡lcrfirrrn:lncc, though this reslrlt n,as not as clear as

the macro cotnparisons. While tl'ris is '.rn inrportal-ìt part of this study, the

ultimate goal of the rese¿rrch is to deternrilre hon, n,ell each netrvork is able to
perform a routillg function. '['cl perform ¿r b¿rsic routir-rg decision, the trained
network is not reqr-rired to exìctlv learlr thc targct values; it is only required

that the target r,¿ìlues lrc learnccl to llrc clcgrcc thlt tlrc r:tnliing sequence of
each output nellron in relrrti<)n to thc othcr oLrtpLlt neurolt¡i can be determined.

The next comparisr)u cvullnrtcs tl-ìc 1-lcrf ornranr c ol' thc Ir¿riuecl netrvorks in
determining these rankirrgs,

As stated earlier, each outpLlt vector ill Lì traiuir-rg set rcllrcsents the routillg
information flrom an rtrigir-urting node to a parIir]ular clcstin¿rtic¡n node. The

routing inform¿rtior-t uol'rsists of t.inrc basccl rulucs,:rrrc-l each oLltput neuron's
value is compared <lr rrrnliccl irg:.rinst thc r¡thcl- or.rtpurt r.'"rlucs t<t determine the

best route. If', äis a rcsult ol'tr-irining, Ihc lcirrnccl valLlcs itrc close enough to

the actual r,¿tlues of thc tnrininÍl sict, Ihcn Ihc ror-rtiug sccìLrcr-ì(]es ¿rre learned

and can be extr¿rctecl l'rom thc nctivorli. ilorr,cr,cr, if the dif'ference betrveen an

actual anci le¿rrued outpr-rt r,'.rluc is srrf'l'icicrrtl.r, large, thcn this error can cause

the output r¡alue to l'le largcr or snlallcr thiìrl the learrrecl output values of
adjacent higher cll lotvcr- rarrliec'l ()LrtpLlts, ancl ¿r ror,rt.in.q ntisr-l-latr:h coulcl occur.

Tables 3.13, :1.1-1, nlrd .j.1.5 r:ol-n1'r'.trc Ilrc routil-rg rcsr-rlts <>l' V) lr,iircro trained
networks tor ?-, -i, '"rtrc1 6 olrl.pr-rt r.loclc,s rcspc('ti\cl-r. 'l hc ror-rtir-rg results compare

the performallce clf'thc llct\\'()rl(s \:cl-sLls Ihc llr-rrnbcr of rrcurolts per hidden
layer. The V2 lvlacro truinccl llct.rvorlis rvcrc choscu lilr i:<lurparison because of
the performa.nce of'the V'l- N'l;rcro;rq'lil-lsI thc othcr tracros in earlier
comparisons. Ilr eirch trrirlc thc ti.\rgct rlrrliir.tgs fîrr cach tr;rining set are

provided, tvith r¿utlt I as the smlllcst r'¿rluc, r¿llk / ¿rs tlre sccond smallest, up to
6 for the 6 output nocic r-tcl.rvorli.s. 'l'hc n'lcustrr-ccl rankiugs f'rclm each netlork
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Table 3.15:
Cotnparison of target rankings to trained rankings
of 6 output neuron networks using the V2 Macro
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are also provided, ¿tncl thc dif'[er-cnce clf' ¿rctu¿rl r¿rnking versus measured

ranking. No difference value (a c1i['f'cret]cc ofì'terct) nlealls that the network

learned the correct ranking I'or the oLrtpLlt. If'the clil'l'erence is a positive

value, the netn,orlt le¿rrrreci'¿r.n oLrtpLrI r¿rn]ting Ih'.tL is l<trver ilt value that the

actual rank; if the difl'erencc is uegltive, the nctrvcirl( le¿rrned an output
ranking that is higher in r,'"r.iue than the actual rank. The ranking
mismatches and correspollcling dif'fcreucc values are shadec-l.

In studying the results, it rr'¿ts lÌrr-rucl th'.rt ¿rll uctrr,orks n,cre tra.ined to a level

where the difference betrr/cen ule¿ìsurcc-l lnd actllrll output ranking was never

more than 1<¡r less th¿ul -l; (his rlc¿rlrs; thirt irt t-ìr(),sI lr louting mismatch
transposed the ratrliings of'lrvo oLrtpLlt.s. ln aclclition, Ihc S ucuron per hidden
layer netrvorks perlÌrrmcc'l thc bcst in lcirrniuÍj thc rout.ir-rg sequences, having
the fewest misrnatches in e¿urh r:onrp';rrisorr rrnc-l ovcl-all. 'l'atrlc.3.16 provicles a

summary of routing per[<tnr-tiince l'rtr clrr:h nctrvorli topcllog¡,.

The results in the talrle agrcc u'ith thc gcueral conclusir¡us c1r¿ìn,11 from the
previous comparist>r'ts. l'lasccl on tlrc,sc rcsurlts, it n,'.rs fì¡trucl that the 8 neuron
per hidden li't.r,er net\\/orlis usinl¡ thc V2 Nluct-o bcsI pcrlorntccl the I'unctions of
Iearning training scts Iìrr routing pLrrposc.s.
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'l'¿tltla .i.l6:
Comparisott of'routin¡4 ¡'tarlóntnrtr'c vcr',srr,s ¡ttttnbar ol tlctu'ctn.ç par hiclclen la;,er

Mismatches - 2 outputs
Mismatches - 4 outputs

Total mismatches (out of 180)

Mismatches - 6 outputs

Item

Totalcorrect matches (out of 180)

3.3.8 Modification of the training ser

Percent correct matches

As demoustraled ilr thc tibovc rcslrlts, Ihc ncrrr;.rl nct.rr,orlts are ¿rble to perform
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routing decisions n,ith zt 9OVo ilccLrr',rc.\J. II' ror-rting decisior-rs ivere being

performed strictl¡, for the purposes dctcrmilring a restoration route for a

failed or lost link in ¿ì rlch\/ork, then the lcvel o[' irccurau)z i, t'tt*t-t".. In the

case of perfonnit-tg restorìti()u roul.ing, lrismlrtchs betrveelr outputs with
ranks 1 and 7 are llot ¿ì c'onccrn; if'rr linli rvith actuiìl ranli 1 and learned rank

2 fails and has tc¡ be restorcd, rcst()rlì.tiol-ì n,orrlcl o('cLrr olr a link that has an

actual rank of 7 aucl le¿rrrrccl rault of'1. Dcspite the mism¿rtch, the alternate

link still has ¿ì lc¡n,er ranking Ihan the rest of' the altern¿rtive links. If
mismatches bett'r,een r¿rnk 1 uncl ? rverc ignorccl, thc accurac), of the 8 neuron
per hidden layer netn,orks exceec-ls 997o.

If, holvever, thc trctn,rlrli rvill l-lc usccl to 1-rcrfilrur nl()re cornplex routing
decisions than just restori.rtion, ir highcr lcvcl ol :.rcrìuruc.r, is required. The

work done Lo this ¡roir-tt hrrs clctcnlinccl o1-ltinrul illtr¿ultetcrs I'clr both the

network topolog¡z ¿rncl thc tr¿riniuq ntir('r()s; in order to f'urther increase the

accuracy, we mLlst loolt';tt othcr f'uctol-s. Ouc of'thcsc is thc trairring set.

In reviewing the traiuiug scl.s Lrscd, it rr'¿rs f'or-rlrcl Ill¿rt sontc ()utpLtt values in a

given output \/ect()r \\/crc vcr-),r'losc irr r,alnc; this rr,or,rlcl represent links with
almost equivillet-it rorrLirtg tiurcs, ll'in thc ('oLll-,\ic of'lc'"rrning tlre t¿ìrget values

the error in lcarniug is grcrrl.cr tlr;,ul t.hc surall clifl'crcl-lcc [-rctn'eelÌ [wo close

output values, thett a rouLiug n.tisl.l-l;.il.r h u,oulcl c)c(ìLlr. If' the differe¡ce
betlveen these target vrÌlucs \\'crc grcí.ttcr, Il-rcn thc cf'f'cct of the errors
produced by leartrirtg coulcl bc rcclr,rcccl. 'l'o tcst tl-iis sLutctllet.ìt, it rvas decided

that modifying the tr¿rinillg seI shoulc] bc tcstcd.

There are se\/er¿ìl clil'fcrcul. \\'r.r.\'s thrrt tlic trainin!] sct t:oulcl be urodified. One

possible mcIhod is to pcr"for-rri furr-tllcr',scultn,o, oI tlrc cl¿r(u like th¿rt initially
performecl lvhcl-l crc;tting tl-rc trainiliq scts. 'l'ìtc pr-oblclll rr,ith this arpproach,

however, nras th¿tt lt tìorlplcic tr-lininu sct llrclrclr usccl l'rrost of the range of
values bettveen 0 anci l, uncl tl-iat thc inurclllcutal bellef it of'sc¿rling performed

on the entire tr'.rinitrg scl n'r¡ulci i-rc snrlll. Il-i <;rclcr lo provide better scaling,

each output veclor in thc ir'.riniug s;ct u'orrlcl huvc to bc scaled separately.

Scaling of e¿rch outpLlt vc('t()r rr'r¡trlcl ;illorv for grc¿tt.er sep¿tr¿ìtiolr of close

output valltes, bLlt cvcn (his nl;.n'rlot. bc ablc lr¡ hclp ir-r cases rvhere the
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difference betrveen t¿ìrget va.lucs c¿rn be ¿rs srn..rll as 0.()01

An alternative ¿ìpproach to sir-n¡rlc scaling rvoulc-l bc tr-r both sc¿rle and quantize

the output r¡alues. In Ihis r:r.tsc, tlrc tirrgct vllues rvithilr e¿rch vector are

ranked, and a quatrtizecl r,'.rluc is crc¿rtccl lìrr clch r'¿rluc l'r¡rsed on the ranking.
By quantizing the outpllt \"alLrcs, thc real r':.rlue scp'arartion of output values no

longer affects lhe le¿truitt.q,'.rr.rc1 sllr.rr"rlcl rcstilt ilt f'cn,er nrismatches. There are

several formulas that cclulcl bc used Io cìulultize thesc r,'¿tlues, but the one

decided uporl rv¿-ts the fìrllorvirrg:

Where

()uanLizcrl vuluc

r
l1
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This formular provicles a c(ìLr';rl s¡rat-inu of'lhc lirrÍjct r'Ìllrcs through the range

of 0 and 1 of 1/t1, tvith thc lorvcst ¿ulcl highcst runliccl r';,tlucs separatecl from 0
and 1 b;, 1/2-tt; this sp;rt:inq f ronl Ihc cncls of'tl-ic vu.llrc rar'ìge results i¡ the

network llol- han'ittg t.o lc¿rrrr trtrinirrg vulucs frt thc cxl.rcltle encls of the

activation raìllge. "l'ablc .ì.1 7 proviclc.s u list of' tlrc c¡r-rantiz¿rtion levels for
different values of' r-1.

rs

is

the rank o[' output, llncl

tlre trunrbcr <'rf or-rtpLtt l.ìcrtrorrs (t.ltc lrocle r,aletrce)

I
T1

, r-7
l-

Ì1

'l;tblt' .i. l7;
()tr;tntizt:cl ()r-ttptt I r ¿r1¿rrr.ç Il¡r di['l't:rt:nt t ¿t]ttc:s ol'n

n

2

.l

4

5

o

Quantized outpul levels

0.0833, 0.25, 0.4166, 0.5833, 0.75, 0.9166

0.125, 0.375, 0.625, 0.875
0.1 666. 0.5. 0.8333

0.25,0.75

0.1, 0.3, 0.5, 0.7. 0.9
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3.3.9 Comparison of the initial anci modified training set networks

Using the formula;tbove, lhc trriiniug scts uscd fì¡r thc netrr,ork testing were

modified; these rnodil'ied trainirrg scts can bc for,utcJ on pages 11.28 to 8.30 of
Appendix B. Neural llct\\'orl(s consisting o['2, -1, ancl 6 or-rtput ueurons and 8

neurons per hidcletr lir¡'er \\'crc Ir:.ìirrccl usilrg thc urociil'iccl tr¿rining set, and

the detailed tables of'lcrrnirrg rcsults \\'cre ('rc:.tIcci; thcsc trrllles can be found
on pages 8.31 to ll.-J.j ol'Appenclix lì.

The learuing performance of'the nroclifiecl trairring set netrvorks was

compared to the lletlvtirlis traiLlccl u'ith tltc original training set. The six

networks were compttrccl in thc f'ollLlrr'inÍl ¿[rcarì: ntc¿ul sc1 u'.rrec1 error; average

and stand¿rrd devi¿ttiou r¡l'thc lrbsolutc r,îlLrc of'tl-rc c-liff'erelrce values;

distribution ol'thc lrbsolurtc valuc of thc clil'f'crcr-rcc vulues; ant1 routing
performernce.

Table 3.18 shor,r,s thc nlei.tn sc¡r-u.rr"ccl crr()t- rcslrlt.s fìrr thc (¡ uetn,orks. In this

comparisoll, llet\vorlis ivi[h J uncl (l or-rLput ucLrrous h¿rcl lr¡rvcr lr4Stj v¿rlues with
the original tr¿rir-tinq sct Ihrur Ihc n'lodif-iccl truillin!] sct uetn,orks, shorving

that these uettvorlis lcirrrrccl Ilrc rcul oul¡ltrt r,lillrcs bcU.cr t.halr the modifiecj

values. The 2 c)Lttpllt ncuron llct\\'orlis l'c'.sults \\'ct-c thc rcvcrsc of'the 4 and 6
output neur()tls results, sllorr'ìllq '.Ì \'cl-\ hiclt lcr cl ol' lci.rntir-rg. In this case,

the netlvorks trail-lccl rvith Ihe rlocliliccl vulr-rc,s l]lir) ;.rctr-rlll¡' have memorizecj

the output values, qiven thc snrall nururt-rcr of' orrtput possibilities.
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'l ¡tblc -i. I 8:
Comparison ol ltt.S:l: rc:;ull.s Iot'ncLtt't¡t'k5 tt.sitt¡¡ originirl ancl ntoclifiacl û'aining sets

Table 3.19 shon's thc conrpi-tri.son ol thc clif'fcrcncc clistr-ibution count for less

Network
v2.2.08.2
v2.2.08.4
v2.2.08.6

MSE (oriqinal)

2.098 1 4 E-3
2.83197 E-3
2.54631 E-3

It4SE (modified)

1 .90260 E-5
5.47008 E-3

1.372125 E-2
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than 0.01, the difl'erence clistributir¡r-l count f'or greuter than clr equal to 0.02,
the average of the absolutc vlÌlrrc ol'thc cli{'lcrcni'e, arld thc standard deviation

of the absolute r,¿'tìue of'the ciil'l'crcncc bctn,een lletr'r,clrks tr¿rilred with the

original and moc-lifiec-l tr¿rining scts. J'hcsc contparisons shc¡lv th¿rt for the 2

output neuron nettvc¡rks tl-tc moclif'iecì training procluced very precise

learning, but for the l:rrger netn'orlis tl-re originll trrrining set produced better

results. This comparison agrees n,ith the lrisll results found above.

'l'ab lc :i. I ():

Ncr¡r'¿i/ Nctrr.,o.¡'k lt'[oclc] 7þ.st /lc.sui ¿.ç;

Average,/Sl¿tncl¿trcl l)ct,i¿tlic¡¡t rlte;t.Tt,rcr??e nls ¿lrid c1i.çt'ributio¡? co¿,nfs
Contparisr,tn ol'V/ trilined /lc'{h'or'/i.r tr.sing raal ancl ntr¡tli['icd training sets

NN Model

v2.2.08.2
v2.08.2(M)

v2.2.08.4

x<.01

v2.2.08.4(M)

Distribution Counts for lX

Full
11
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Mod

v2.2.10.6

3.0

v2.2.10.6(M)

.01<x<.02

11

?tg

30

Full

17

f)

The cornparisotrs tn'tclc uitovc shorv th;rt. thc rrrigiu'.rl training sel netrvorks

performed better ¿Ìt lci-rrllinÍ{ thc oLltpLrt rrrllrcs of'thc trîiuiltg sets. But horv do

the netlorks comprtrc it-l lhc lc;rrniug of Ihc ranliings of'the or-rtputs? Tables

3.2O,3.21, ¿rlrd .'Ì.22 t'otlp'.rrc thc routirrg rcslrlt,s ol'thc original arrd modified

training set neL\\/()rks. 'l'lrcsc t'or'r.r1'lirrisons sl-iorv t.h¿rt thc ¡r-ioclified trarining set

networks leirrlred the rotrting rur-rliincs bcttcr tharr thc originarl trzrining set,

producing otll.\' 7 routir-tg llisur¿rtr'hcs otrI r¡f' 180 oLltpLtt rernkings. The

probable reiìson for thc irrrprovccl pcrfor-n-i'.rr-rcc ilt rarrliirrg is dr-re to the

scaling and qu¿ultizing of' Ii.rr!4ct ()ut]lr.rt r irllrcs; thc original training set

networks learlrcc-l Ihc';rt'l.u:rl vrrlucs bcttcl', l'lut thc sc1-ri.trirtiolr oI the output
values iu the rnociil'iccl training,sct.,s \\'i-ts lurgcr thun thc le'arning errors

introduced b¡, moclif-r'ing [hc r;alncs.
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3.4 Conclusions from single network node modelling

Based on the lirnited anloLlnt t.rf'tcstir-rg pcrlì'lrrrrccl, the r:onclusions made from
the research are ¿rs follot,s:

- The four lzr.ver I'eecl fìrrrr,¿rrci net\\¡()rl(, bacli propargeltion learning
rule, aud cot'ltit-tuous sigmoicilrl f'ur-rctio¡r \\/ere appr()pri¿ìte testitlg

choices for the learning tasli.

- A learning process iur,olvir-rg'.rnnc';iling ol-the netn,ork until
reaching rniniurlul ulcrul sc¡r-rlrccl crror, fì>llorvccl b), further
learning n'ith thc IenrpcrirtLrrc hclcl ('onsr.i-utt, proviclcd the best

leaming results.

- I ueurc)ll per hic'lclcu luvcr- r1 ctu,orlis; pcrlìrrrlccl bcst <¡r,erall n,hen

applied t<t le¿trlting Lrtsl<s iur,olving nct\\,ot-lis u,ith lr rirnge ol'2 to 6

output lteLlrolls

- Scaling arnd quatrtizing of'ontpurl. r';rlucs in thc trlrilling sets produced

networks th';rt pcrfi)nlr r()Llting clccisiolrs bcttcr thau llct\\/()rks with
unscalecl atn c1 lr r-r c1 r-rall t i zcd r,ltl u c.s.
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Chapter 4 - Full Network Modelling

Chapter 4

Full Network Modelling

In this chapter the neural network topology, learning method, and modified
training set identified in the previous chapter are applied to the full sample

network, and the routing results determined. The neural networks are then
tested to evaluate their ability to perform routing decisions related to different
routing scenarios common in telecommunications networks. The chapter
concludes with testing of the ability of the trained neural networks to perform
generalized routing decisions, and a discussion of the results.

4.L Full network simulation results

Using the findings of the single node research, the remaining 13 nodes of the

sample network were simulated to study the routing performance of the
trained networks for the entire sample network. For each network node the
following activities were performed:

- The routing information and routing rankings for each node was

determined.

- The ranking information was used to create the modified training set

based on the formula used in the single node modelling.
- A neural network was created with 8 neurons per hidden layer and

the required number of neurons for the output layer.

- The neural network was trained using the V2 Macro. The settings

used for training were as per the single node research, but the
number of training cycles was increased to 3000 to ensure the
networks would have enough cycles to reach the point where the
annealing process is stopped.

- The output values of the trained networks were recovered and the
output rankings determined.

- The target rankings and measured rankings were compared.
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Table 4.1 shows the information and results determined in the simulation of
node 12 of the sample network. The results for all network nodes can be found
on pages C.1 to C.16 of Appendix C. The upper half of Table 4.1 show the actual

routing values, the target rankings derived from this routing information,
and the target training values used for the simulation. The bottom half of
Table 4.1 shows the measured values recovered after simulation, and measured

rankings produced from the values, and the comparison of actual and
measured rankings. Routing mismatches have been shaded for presentation

purposes to highlight their occurrence. A review of the sample network
results shows that eight routing mismatches occurred out of 990 routing
rankings. This perfonnance translates into a routing accuracy of 99.I9o/o for
the overall network. Two pairs of routing mismatches occutred in Sample

Network nodes with 5 links (one each in Nodes 6 and 7) and two pairs of
routing mismatches occurred in sample network nodes with 6 links (one each

in Nodes Ll and 12).

The occurrence of the routing mismatches suggests that neural networks with
larger number of output neurons are more susceptible to routing mismatches;

these networks have smaller quantization steps between the modified output
values, and would be the more sensitive to mismatches caused by large
learning errors. In addition, the mismatches occurred with the highest
ranked or lowest ranked outputs, at the extremes of the output value range.

This suggests that the network had difficulty learning the target values at the

extremes of the value range, and a review of the measured values shows large

errors in the mismatched outputs that resulted in the transposition of the

output rankings. No routing mismatches occurred in sample network nodes

with 4 or less links; Table 4.7 provides the details of the routing performance

for the complete Sample Network and for the sets of nodes with equal numbers
of links.
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4.2 Performing routing decisions

When performing a routing decision, the goal is to select the best route that
meets the routing criteria. The criteria used throughout this thesis has been
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Item

Table 4.2:
Comparison of routing performance for Sample Network

for entire netvvork and different valence values

2 link nodes
3 línk nodes
4link nodes
5 link nodes
6link nodes

Number
of Nodes

Full network

1

the shortest time delay between originating and destination nodes using the

available links between the originating node and its adjacent nodes. In the

regular case of determining the optimal route through a telecommunications

network, all links are available. In the special case of determining a

restoration route through a telecommunications network, one or more links
are unavailable, and a choice is made between the remaining links. What is

required is a method of automatically determining the best route given the
availability of adjacent links.

3
7

Number
of routes

3
2
16

30
135
420

Number of
mismatches

225
180
990

0
0
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0

Error
lPercentl

4

4.2.L Postprocessing of the output values

4
I

0t/"
0%

A trained neural network produces output values that represent the routing
rankings of a given node in the sample network. This information now must
be combined with information on availability of the links ro rhe adjacent
nodes to select the link representing the best route through the nework. This
route selection could be performed by postprocessing the output values with
the link availability. There are several ways that this could be performed, but
a neural network solution is desired considering the nature of the thesis work.

Choosing the best output from the output layer is a competitive activity. In
neural networks this type of activity can be performed by using mutual
inhibition, where each competing neuron provides a positive weight to itself
and a negative weight to the neurons it competes against. This type of circuit

0%

Accuracy
lPercentì

1.78%
2.220/"
0.81%

100%
100%
100%

98.22%
97.78%
99.19%
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is normally called a winner-take-all circuit, and is commonly used to select a

given unit with the highest activation value. In this thesis, what is required is

a "loser-take-all" circuit, where the lowest activation (smallest value) is
selected. This can be achieved by using an offset activation value of 1 and

subtracting the lowest activation value; in this manner the summation of 1

minus the smallest activation will produce the largest activation value.

This circuit is shown in Figure 4.1(a). In this figure the input neurons for the

circuit are the outputs of the trained neural network. The input neuron is

connected to the output neuron (one of the competing members of the

winner-take-all circuit) by a inhibitory link with weight = -1. A select neuron

is also connected to each output neuron by an excitory link with weight : 1.

This select neuron is used to provide link availability information: if the select

neuron has an activation of 1, the link associated with the output of the

trained neural network is available; if the select neuron has an activation of 0,

the link is not available. When the link is available, the select neuron
provides the offset activation value, and the sum of the activations to the

competing neuron is 1 minus the input activation. When the link is not
available, no offset is provided, and the sum of the activations is 0 minus the

input activation. Figure 4.1(b) shows a winner-take-all circuit with all links
available (all select neurons have an activation of 1). When the winner-take-

all circuit has settled, the winning node is associated with the lowest ranking
input value, provided by neuron o4. Figure 4.1 (c) shows a winner-take-all

circuit with one link not available (the unavailable link is associated with the

lowest ranked input value, and the associated select neuron has an activation

of 0). With the select neuron activation at 0, the activation of the competing

neuron is 0 minus the input activation, resulting in a negative input. The

winner in this competition is the neuron associated with input value o2 as

shown in Figure 4.2(d), for it now has the highest activation value of the three

neurons with available links.

MacBrain provides a Group Winner activation function as one of the available

activation functions; this was used to produce a winner-take-all circuit. By

adding a Group Winner layer and select neurons to the trained network, the

final neural network used for routing has the topology shown in Figure 4.2.
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The inputs into the network are the destination node for which the route is to
be determined, and the link availability as determined by the select nodes that
provide activation to the Group Winner layer. This final neural network
topology will be used in upcoming simulations.

4.3 Simulation of a routing decision - normal network

The first simulation of a routing decision uses the sample network in its
normal configuration with all links available. In this simulation, the neural
networks determine the best route based on the shortest network delay.

4.3.I Successful selection of optimal route

For this simulation, Node 6 was selected as the originating node and Node 13

was selected as the destination node. Node 6 has five links to adjacent nodes,

connecting it to Nodes 2,3,7,10, and 14. The best routes from each adjacent

node to Node 13 were determined and these routes were combined with the

adjacent links to create the five possible routes that can be selected by the

neural network. Figure 4.3(a) shows the five routes and their associated

routing values. Based on these values, the optimal route from Node 6 to Node 13

is 6-10-11-12-13, and the link from Node 6 to Node 10 is the besr choice for
routing from Node 6.

The file containing the trained neural network for Node 6 was opened, and the

following neuron inputs were set: input i13 was set to 1, all other input
neurons were set to 0, and the select neurons were all set to 1 (all links
available). The input information was then cycled through the network, and

the output neuron associated with o4 was activated by the winner-take-all
circuit. The o4 output corresponds to the link from Node 6 to Node 10. The

simulation was continued by opening the trained neural network for Node 10,

selecting the same input and select neuron information, and cycling the input
values through the neural network. When the network had completed cycling
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the input information, the output neuron corresponding to the link from Node

10 to 11 was selected. To complete the simulation, the process was repeated for
the trained networks for Nodes 1 1 and 12, and the links from Node 1 1 to Node 12

and Node 12 to Node 13 were selected, respectively. The complete selected route

was 6-10-IL-12-13, the correct route identified previously. This route is shown

in Figure 4.3(b)

4.3.2 Unsuccessful selection of optimal route

When a neural network incorrectly learned the routing sequence, a routing
mismatch occurs. These routing mismatches can result in incorrect routing
decisions being performed in the network.

To demonstrate the effect of a learning error producing an incorrect routing
decision, the neural networks are used to determine the optimal route between

Node 11 and Node 14. It can be easily determined that the optimal route is the

link that directly connects Node 11 to Node 14, but in this case rhe neural
network did not correctly learn the routing rankings. To test the effect of the

learning error, the file containing the trained neural network for Node 11 was

opened and the following neuron inputs were set: input i14 was set to 1, all
other input neurons were set to 0, and the select neurons were all set to I (all

links available). The input information was then cycled through the network,

and the output neuron associated with o3 was selected. The o3 output
corresponds to the link from Node 11 to Node l0; the error in learning caused

the network to select the link associated with output o3 instead of o5, the link
that directly connects Node 11 to Node 14. The simulation was continued by

opening the trained neural network for Node 10, selecting the same input and

select neuron information, and cycling the input values through the neural
network. When the network had completed cycling the input information, the

output neuron corresponding to the link from Node 10 to 14 was selected. The

complete route determined rvas 11-10-14, instead of 7I-74. This result is shown

in Figure 4.a@).
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Figure 4.4(a):
Unsuccessful selection of optimal route from Node 11 to Node 14
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Figure 4.4(b):
Example of route impacted by unsuccessful selection in Figure 4.4(a).
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The above example shows the result of incorrect learning by the neural
networks under study. It is also important to consider that this incorrect
routing decision between Node 11 to Node 14 will impact other routing
decisions. Any route with Node 14 as the destination node that uses the link
between Node 1 1 and Node 14 as part of the route will have that part of the

routing decision incorrectly performed. As an example, the optimal route
from Node 5 to Node 14 is the route 5-4-7-11-14; but since this route includes
the routing mismatch demonstrated above, the route chosen by the neural
networks will be 5-4-7-71-10-14. Both routes are shown in Figure 4.4(b).

In studying the errors performed in the routing, it is important to consider
that the routing etror made in determining the route from Node 11 to Node 14

is not performed when the route from Node 14 to Node 11 is determined; there

was no learning errors in the neural network trained for Node 14, so the

correct routing decision would be performed in the opposite direction.

4.4 simulation of a routing decision around unavailable
links

The optimal route through the sample network with all links available was

presented above. The process relied on the concept that routing decisions by
the neural networks are dependent on the availability of links from each node

to adjacent nodes in the network, and the optimal route consists of an

originating node, a destination node, and a set of intervening links and nodes.

For the following simulations, the task of the neural networks will be to
determine the most optimal alternate route between rwo sample network nodes

when a network link used by the optimal route is unavailable. These

simulations are analogous to the removal of a link in the sample network, and

the requirement to establish a alternate route to replace it.

Unless the neural networks are trained with nerv netrvork information related
to the unavailable link in sample network, the neural netlvorks will still
perform their routing decisions based on their learned information and
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adjacent link availability. As a result, any neural network for a node that is

not connected to the unavailable link will perform its routing decisions as if
that link is available. Only the neural networks for the nodes connected to the

unavailable link will use that link information in their routing decisions.

Based on the method of routing, the determination of an alternate route can be

performed by one of two methods. In the first method, an alternate route will
be created from the node where the adjacent link is unavailable to the

destination node. In the second method, an alternate route will be created that
will replace the unavailable link only, without changing the rest of the
existing optimal route.

4.4.I Selection of an alternate route to the destination node

In this method, if all of the adjacent links to a node were available, rhe input
neuron for the destination node would be set to 1, all other input neurons
would be set to 0, and all links are available. The input values would be cycled

through the network, and the output routing result would be produced. If an

adjacent link was unavailable, then the input neuron representing the

destination would be set to 1, all other input neurons would be set to O, and the

link availability values set as required. When the input values are cycled to
the outputs, the best adjacent link to the destination node would be selected.

The node at the end of this adjacent link will then select another adjacent link
that represents the optimal route to the destination node using the same

method, and this is repeated until the destination node is reached. Since the

new node and its alternate adjacent links are not part of the original set of the

optimal intervening nodes and links, the alternative route may differ
significantly from the original optimal route. In addition, since each node

along the optimal route has a different set of adjacent links, the location of the
unavailable link can significantly affect the resulting alternative routings.
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As an example, the optimal route between Node 16 and Node 3 determined when

all network links are available is 16-15-17-7-3 as shorvn in Figure 4.5(a). In
between Node 16 and Node 3 are four links; a removal of any one of these links
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will result in a specific neural network selecting the second choice adjacent

link to determine an alternate route. Since each node in the network has a

different set of adjacent links, the alternate solution for each node along the

route will be different. Figure 4.5(b) shows the alternate routes determined by

the neural networks for the unavailability of different links in the network.

A study of the routing decisions above also reveals that the alternate route
selected will also be dependent on the direction that the routing is performed,

for the nodes on each end of the unavailable link can select different
alternate links and nodes. To demonstrate this, routing decisions were

performed from Node 3 to Node 16, the opposite direction to the previous

routing simulation. Figure a.6@) is a duplicate of Figure 4.5(b), which shows

the route selections made when the routing was performed from Node 16 to
Node 3. Figure 4.6(b) shows the route selections made for the same unavailable

links, but in this example the routing was performed from Node 3 to Node 16.

In comparing the two figures it can be seen that for a given unavailable link
the neural networks selected different alternate routes, with these routes

being dependent upon the direction the routing is taking place.
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4.4.2 Selection or alternate routing around an unavailable link

In the previous method, an alternate optimal route was created from a node

with an unavailable link to the destination node. This method, while effective
in establishing an alternate routing, resulted in alternative routings that were

significantly different than the original optimal route. This can be useful in
some forms of communications networks (such a packet networks where

knowledge of the exact routing is not required) but the primary requirement
in current telecommunications networks is to establish an alternate route
around an unavailable link. This second routing method satisfies this
requirement.

To test the routing activity of the neural netrvorks using this method, a

modified routing procedure was required. For this method, if all of the

adjacent links of a node were available, the input neuron for the destination
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Figure 4.5(a)
Optimal Route from Node 16 to Node 3 with all links available
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Alternate routes determined as a function of unavailable link
(Routing from Node 16 to Node 3)

16-12-'t1-7-3
16-15-14-6-3

16-15-1 1-10-6-3
16-15-1 1-7-6-3

Figure 4.6(a)
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Figure 4.6(b)
Alternate routes determined as a function of unavailable link

(Routing from Node 3 to Node 16)

Alternate Route Alternate routing at

3-7-11-15-12-16 15
3-7-11-12-16 11

3-7-8-12-16 7
3-6-14-15-16 3
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node would be set to 1, all other input neurons would be set to 0, and all links
are available. The input values would be cycled through the network, and the

output routing result produced. If, however, the adjacent link used in the

original optimal route was unavailable, then the input neuron for the sample

network node at the other end of the unavailable adjacent Jink would be set to

1, all other input neurons would be set to 0, and the link availability values set

as required. When the input values are cycled to the outputs, the best adjacent

link to the node on the other end of the unavailable link would be selected. In
this manner the node at the other end of the unavailable link becomes an

interim destination node, and routing continues through the network until
this node is reached. When the node at the other end of the unavailable link is
reached, routing torvards the original destination node is resumed, and the

routing after the unavailable link is continued until the destination node is

reached.

Using this method of routing for an unavailable link has n¡¡o advantages over
the original routing method: first, all nodes and all but one of the links used in
the original optimal route are reused for the alternate route; and second, this
form of routitlg produces the same results if the routing is performed in either
direction. Figure 4.7 shows the results of using this routing method for the

different unavailable links tested in the previous routing simulation.
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4.4.3 Unsuccessful selection of alternate route

The above simulations demonstrate the successful determination of alternate

routes around an unavailable link. In reviewing the learning of the neural
networks, no unsuccessful alternate routings could be performed. The reason

for this result was discussed in single network node modelling; in the case of
performing alternative routing around an unavailable link, routing
mismatches betrveen rank 1 and rank 2 values have no effect on performance.

Of the 4 routing mismatches that occurred in the 16 neural networks used, two

were rank 7/rank 2 mismatches and two were rank S/rank 6 mismatches. The

rank S,/rank 6 mismatches rvill also have no effect in the single link failure
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Figare 4.7:
Alternate routes around unavailable links for each unavailable link

case, for these alternative routes are too far down on the routing priority to

affect this type of routing decision.

-
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Alternate Route Alternate rout¡ng at

16-12-15-11-7-3 16,15
16-15-12-11-7-3 15,11
16-15-11-8-7-3 't1,7
16-15-1 1-7-6-3 7,3

4.5 Simulation of a routing decision - node failure

In the previous set of simulations, routing decisions were performed for the

case when a single link between two nodes is unavailable; this is an example of
a link removal or failure. If a specific node is unavailable in the network, this
is equivalent to all links associated with that node being made unavailable.
This is an example of a node removal.

The method of performing routing decisions in the case of a node failure is
similar to the link failure case; nodes in the sample network that were not
directly connected to the removed node lvill perform routing decisions as if no



Chapter 4 - Full Network Modelling

network changes have occurred, and all nodes will still perform routing
decisions based on the routing rankings of available links. But there are

special considerations in the case of a node failure. These are:

- If the node that has been removed from the network is the

originating node, it will not be performing any routing decisions.

- Selection of an alternate route around an unavailable link (the

second form of routing utilized for link failures) cannot be

performed, for this method attempts to create an alternate route to a
node on the far end of the failed link; in this case that node is
unavailable.

- If the node removed from the network is the destination node, no
final route can be determined. It will be shown that the attempt to
perform the alternate routing selection n,ill cause the neural
networks to define a route circling the removed node.

4.5.1 Routing around an unavailable node between originating and
destination nodes

In the first method of selecting an alternate route (selecting an alternate

route to the destination node), the first node along the optimal route that
experiences an unavailable link selects an adjacent link that provides the best
alternative route to the destination node. The node at the end of this adjacent

link will then select another adjacent link that represents rhe optimal roure to
the destination node, and the process is continued until the destination node is
reached. If any of the nodes along this alternate route have adjacent links
that connect to the unavailable node, those links will be unavailable and not
used in the route selection. As was demonstrated in the unavailable link case,

the alternate routings selected are dependent on the direction that the route is
determined, and that these routes can be significantly different. An example

of the first method of alternate route selection around an unavailable node is
shown in Figure 4.8, where an alternate route from Node 3 to Node 16 is
required when Node 11 is unavailable.
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In the second method of selecting an alternate route (selecting an alternate

route around an unavailable link), the method is the same as for an

unavailable link until the point where the selection of an alternate path to the

other end of the unavailable link is attempted. If another unavailable link to
the node on the opposite end of the first unavailable link is encountered, then
the routing decision would be changed from the node at the end of the

unavailable link back to the original destination node. This change of routing
destination will result in similar routing selections to those determined by the

first method. In Figure 4.9(a), the second method of route selection is applied
to the example of Node 11 unavailable on aroute between Node 3 and Node 16.

In this case the alternative routes determined were very similar in both
directions, but in Figure 4.9(b) the example shows that significantly different
alternate routes can determined by each direction using this method.

Optimal Route from Node 3 to 16
Unavailable Node 11 and associated unavailable links
Alternate routing from Node 16 to Node 3
Alternate routing from Node 3 to Node 16

Figure 4.8:
Alternate routing around unavailable node to destination node
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Hsss$s$8ü88æ88æ88 Unavailable NOde 11 and aSSoc¡ated unavailable linkS
Alternate routing selected from Node 16 to Node 3.rrr1\r Ahernate routing selected from Node 3 to Node 16

Figure 4.9(a)
Alternate routing around an unavailable node

Routing to destination node after first attempting to route around first
unavailable link

Optimal Route from Node 3 to 16

Page 100

rra\r*rr\\\\l\a\

J

E€Eææææ888n88æEsffin Unavailable Node 7 and associated unavailable linksE6Éd4Bs- Alternate routing selected from Node 16 to Node 3r\\\{lÈr Alternate routing selected from Node 3 to Node 16

Figure 4.9(b)
Second example of alternate routing around an unavailable node
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4.5.2 Routing determination when the destination node is
unavailable

If the unavailable node is the actual destination node, a complete route cannot

be determined. \Mhen this condition was tested, the neural networks selected

alternate routes to other nodes with unavailable links associated with the

unavailable node. This function was seen in part in Figure 4.9(b), where the

alternative route from Node 16 to Node 3 utilized several of the adjacent nodes

with unavailable links associated with Node 7. In Figure 4.10, Node 7 is now an

unavailable destination node, and the alternative route the neural networks
attempted to determine starts at Node 11 and circles Node 7, linking to all other
nodes with unavailable adjacent links until it returns to Node 11. In
attempting to determine the alternate route, a condition that the neural
network would not select the adjacent link that connects to the previous node

was used; this was based on the fact that the previous node chose the current
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Attempt to determine alternate routing for an unavailable destination node

Optimal Route from Node 7 to 16
Unavailable Node 7 and associated unavailable links
Alternate routing selections made to reach Node 7

Figure 4.10:
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node to continue with the alternate routing. If this condition was not used,

then Node 4 would have chosen Node I in Figure 4.10 again, for the adjacent

Iink to Node 8 is the second ranked choice from Node 4 to Node 7 after the

unavailable link from Node 4 to Node 7.

Unless a decision to stop the routing attempt is made, the process would
continue indefinitely. Like the earlier situation where the routing destination

was changed from the node at the other end of the unavailable link to the

destination node when a second unavailable link was encountered, a decision

external to the neural networks making the routing decision is required. A

decision to terminate the routing attempt could be made after encountering a

number of unavailable links, or it could be made when the alternate route

encounters a node that had previously attempted to determine an alternate

route; in the case of Figure 4.10, this would occurwhen Node 11 is reached.

4.5.3 Unsuccessful selection of alternate route

As with the simulations for unavailable links, the above simulations
demonstrate the successful determination of alternate routes around an

unavailable node when it is not an originating or destination node.
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A review of the learning of the neural networks found that an alternate

routing could always be determined, but since the training information is

based on the availability of the adjacent links only, the alternate route may

not be the best alternative available, for other unavailable links not directly
connected to each node affect the final route. Apart from this condition,
alternative routings around an unavailable node are equivalent to routing
around multiple unavailable links. As in the routing determinations for
unavailable links, routing mismatches between rank 1 and rank 2 values have

no effect on performing routing decisions. Of the 4 routing mismatches that
occurred in the 16 neural networks used, two were rankl/rank 2 mismatches

and two were rank S,/rank 6 mismatches. The rank S,/rank 6 mismatches will
have no effect in the unavailable node cases, for these alternative routes are

too far down on the routing priority to affect almost all alternative routing



Chapter 4 - Full Network Modelling

decisions.

4.6 Simulation of generalized routing decisions

The final set of tests performed with the neural networks tested the ability to
perform a generalization function. In this set of tests, the values of more than
one input neuron were set to non-zero values to observe the neural network
activity. Setting multiple input neurons to non-zero values is analogous to
having the network determine which output neuron represents the best

routing choice for a set of destination nodes.

Six test examples were used to investigate generalization, with the results of
these tests provided in Tables 4.3 to 4.8. In each test 2 or 3 input neurons of
specific neural networks were set to non-zero values and cycled to propagate

the information to their outputs. The output values of the neural network
were collected and rank values calculated; these rankings were then compared

with the output node rankings of the neural network for each destination
node, and the ranking of the output nodes by the sum of the actual routing
values (network delays) for the set of desired destination nodes. Figures

4.11(a) and (b) depict nvo of the generalization tests, their optimal routes for
the respective destination nodes, and the optimal links based on network
delays. Figure 4.71(a) depicts the condition rvhere both destination nodes have

the same optimal route, resulting in a simple decision. Figure 4.11(b) depicts

the condition where the destination nodes have different optimal routes, and

the optimal link derived from network delay is used by one of the routes. This

is a more complex decision, and in this test the neural network made different
link selections based on the method of input activarion. The different methods

of input activation are discussed below.

The tests were initially performed with activation of the input neurons
representing the set of destination nodes set to 1, and all other inputs neurons

set to 0. When this method of activation was used, it was found that for some

tests the activation values of the output neurons approached or reached the
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Figure 4.11(a)

Generalized routing example where 2 nodes have the same first choice link

Optimal Route from Node 13 to Node 6
Optimal Route from Node 13 to Node 14
Optimal link for routes from Node 13 to Nodes 6 and 14
based on total route network delays. Optimal link was
selected by neural network in Generalization Test #1 for
both maximum input and normalized input activations.
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input activation.

Figure 4.11(b)
Genralized routing example where 2 nodes have different first choice links

Optimal Route from Node 5 to Node 13
Optimal Route from Node 5 to Node 14
Optimal link for routes from Node 5 to Nodes 13 and 14
based on total route network delays. Optimal link was
selected by neural network in Generalization Test #2 with
maximum input activation.
Link selected in Generalization Test #2 with normalized
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maximum activation value of 1. This saturation of the output values occurred

because the neural networks were initially trained with training vectors

having only a single input neuron set to 1. To reduce the occurrence of
saturation, a variation of the input activation method was also tested; in this
second method, the activation values for the set of destination nodes were set to
the reciprocal of the number of destination nodes. This form of normalized
activation resulted in the total of the input activation values being equal to 1.

In the case of 2 active input neurons the activation was set at 0.5, and for three

active input neurons the activation was set at 0.33.

4.6.L Generalization test results

Test #1 is an example of performing a decision from a 3 output originating
node (Node 13) to two destinations (Nodes 6 and 14) that have the same first
choice route. The results of the test are provided in Table 4.3, with output
values of rank 1 shaded for comparison purposes. In this case, the optimal
routes from Node 13 to Nodes 6 and 14 both utilize the link from Node 1 3 to Node

12. For both input activation methods the neural network selected the correct

route, but the rankings of the other routes changed with the different
methods of activation. When the input activation was normalized, the

resulting output activations were smaller that when both input neurons were

set to an activation of 1; this observation was also observed in the rest of the
generalization tests.

Test #2 is an example of performing a decision from a 3 output originating
node (Node 5) to trvo destination nodes (Nodes 13 and 14) with different first
choice routes. The results of the test are provided in Table 4.4, widn output
values of rank 1 shaded for comparison purposes. \Mhen the input activations
were set to 1, the neural network generated the routing ranking based on total
network delay and the output ranking to Node 13, and selected the optimal
route for both destination nodes. When the input activations were normalized,

the neural nenvork selected the output rankings of Node 14, and selected the

Znd choice route for the two destination nodes.
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Test #3 is an example of performing a decision from a 5 output originating
node (Node 8) to two destination nodes (Nodes 6 and 12) with significantly
different output rankings. The results of the test are provided in Table 4.5,

with output values of rank 1 shaded for comparison purposes. When the

rankings of the outputs based on the total delay were calculated, these

rankings were found to be different from the output rankings of the two

destination nodes. When this test was performed, both methods of activation
produced the correct routing selection, though the routing rankings of the

outputs with the normalized activation were closer to the total delay ranking
values than the output rankings produced when the input activations were set

at 1. This test also showed that when input activations were set at I, 4 of the 5
outputs neurons reached activation values of greater than 0.98; in this case,

setting all active inputs to 1 resulted in near saturation of output values.

Test #4 is an example of performing a decision from a 4 output originating
node (Node 16) to two destination nodes (Nodes 4 and 6) with similar ourpur
rankings. The results of the test are provided in Table 4.6, with output values

of rank 1 shaded for comparison purposes. When the input activations were

set to 1, the output neurons reached maximum activation and no ranking
results could be determined. \Mhen the activation values were normalized, the

output neurons produced almost no activation value, the opposite result of the
previous test. When the output values for the normalized activation were

ranked, the network selected the correct routing choice for Node 4, but the

incorrect routing choice for both nodes. The reason for these small activation
values is not knonn, but observation of the activations of the various layers in
the neural network showed high activation values in the first hidden layer
and low activation values in higher layers; the combination of activation
values and connection weights may have resulted in a cancellation of inputs
in higher layers of the neural network.

Test #5 is an example of performing a decision from a 4 output originating
node (Node 4) to three destination nodes (Nodes l},l2, and 16) with similar
output rankings. The results of the test are provided in Table 4.7,with output
values of rank I shaded for comparison purposes. When both activation
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Outout Node

Table 4.3:
Test #l: Route selection from Node 13 to Nodes 6 and 14

Output Rankinqs: Node 13 to Node 6

Outout Rankinqs: Node 13 to Node 14
Total Delav for routes 1o Nodes 6 and 14
Output Rankinos bv Total Delav

Output Node
Output Values: i6=i14=1
Output Rankinos: i6=i1 4=1

Output Node
oulput Values: i6=i14=0.5
Outout Rankinqs: i6=i14=0.5

o1

2

Table 4.4:
Test #2: Route selection from Node 5 to Nodes 13 and 14

3

1.1881

o2

3
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Total Delay for routes to Nodes 6 and 14
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ut Rankinos: Node 5 to Node 14
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Table 4.6:
Test #4: Route selection from Node 16 to Nodes 4 and 6

Output Rankinqs: Node 16 to Node 6
Total Delay for routes to Nodes 4 and 6

Rankinqs: Node 16 to Node 4

Values: i4=i6=1

Outout Node
Outpul Values: i4=i6=0.5
Outout Rankinos: i4=i6=0.5

Table 4.7:
Test #5: Route selection from Node 4 to Nodes 10,12 and 16

Outout Node
Output Rankinqs: Node 4 to Node 10
Output Rankinqs: Node 4 to Node 12
Output Rankinqs: Node 4 to Node 16
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Total Delav for routes to Nodes 10.12.1€
Output Rankinqs bv Total Delav
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Table 4.8:
Test #6: Route selection from Node 3 to Nodes g,I4 and t5
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methods were tested, the neural network correctly selected the first choice

route for two of the destination nodes and all three nodes based on total delay.

'vVhen the input activation was set at 1, output values were close to saturation;
when the input activation was nonnalized, output values were considerable

lower.

Test #6 is an example of performing a decision from a 4 output originating
node (Node 3) to 3 destinationnodes (Nodes 9,74, and 15) with similarourput
rankings. The results of the test are provided in Table 4.8, with ourput values

of rank 1 shaded for comparison purposes. The results of this test were similar

to that of Test #4; when the input activations were set at 1, saturation of the

outputs occurred, and when the input activations were normalized, very small

output activations were produced. In this case, the output rankings were the
same as the output rankings based on total delay, and the network selected the

corTect output.

4.6.2 Summary of generalization tests
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In reviewing the performance of the neural networks in performing
generalization decisions, the results were inconsistent. While some networks
correctly determined output rankings, other networks produced incorrect
output rankings and selected incorrect routes. In all but one test routing
mismatches between the measured rankings and the output rankings based on

total delay were off by a value of 1, the same level of routing mismatches that
occurred in the single node routing tests performed in earlier sections. Based

on this performance, the neural netrvorks could be used to perform
generalized routing decisions for restoration purposes (where rank l/rank 2

mismatches could be ignored) but the inconsistent results found in the small

set of of tests conducted is not a significantly large sample to properly support
the above conclusion. More testing of these types of decisions, and

investigation into the neural network behaviour found in Tests #4 and #6, is
required before firm conclusions could be made.
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Chapter 5

Conclusions and recommendations

5.1 Conclusions

A number of conclusions have been dr¿-uvn from the rvork presented in this
thesis. They are:

- Several approaches can be considered in mapping
telecommunications routing problen-rs into the area of neural
networks. By studying the corlcepts of netn,ork routing from the
perspective of current routing merhods and routing theory, routing
patlerns or relationships c¿rn be extracted for stud.r,. In this thesis, a

distributed routing routing methocl b¿rsed on a time b¿rsed ranking
system was selected for neural r1et1\/ork simul¿rtion arnd analysis.

- Experimentation lvith various neural netrvork v¿rriables uncovered
differences in the capabilities of neural netrvorks to learn routing
information. In this thesis, modific¿rtior-ls to the structure of the
neural netrvork aud to the leerrning method demonstratecl that
routing performance cor¡ld be improveci.

- The preparation of the training set inf'orrn¿rtion can significantly
affect the routiug perlormance of [he testecl neural netn,orks. The
quantization of routillg rankings tested in this thesis resulted in
poorer learning of the actual rank values but irnproved learning of
the ranking order.

- Trained neural networks, combined rvith ¿r postprocessing rvinner-
take-all layer, can be used to perforin c-listributed ror-rting. When the

set of neural netn'orks tr,¿Ìs tr¿ìined rvith routing infbrmation from a

sample network, the neural netrr¡orlis perl'clrmecl the specific
individual routiug t¿-tsks n,ith a l-righ degrcc ol'efficiency uncler a

number of different netrvork routing conditior-rs. TI-re neural
networks r'vere also able to perform a number of' generalized routing
decisions, but the results of the generzrlized routing tests \vere llot as
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conclusive as those oI the inclir¡idu'"rl ror-rting

explanation for tl-ris is that the trzrining sets fbr

did not contain any generalizing informaticl'1.

5.2 Recommendations

Based on the work performed, there ¿Ìre a number of recommendations for
areas of further investigation. These are:

- Extension of the routing method [o more generalized routing
problems.

- The performance of the neur¿rl netlorks r:ould be tested rvith other
learning rules such ¿rs l-lebbian learrning or colulterpropzrgation.

- Routing performauce can be tested usir-rg other neural network
topologies. The thesis rJentonstr¿rtecl that I lrcurons per hidden layer
performed best of the thrce topologies r:onsidcrcd, but other
topologies rvith difiercllt llumber of nerrrot-ts in e¿rch layer are
possible. Neur¿rl networli topr.rlogies rvith -l ¿rnd lO neurons per

hidden layer are examples of the ciifl'erent topologies considered for
potential study, and the relrt<,¡val <,rf the input lleuroll representirrg

the originating node can be inr¡esti.q¿rt-ed to evalllate erny effects on

neural network perf'ormance.

- A study of features extrac-ted bv thc neural netlr,<)rk's hidden layers

can be performed to c-leternrine thcir rel¿itionshipsi to the routing
netlork under studlr.

- Further testing in the area of generalizirtion can be performed to
more fully underst¿rnd hotv the net\\¡orks perf<trm this function, ancl

investigatious into horv generalized routins in[ormation could be

incorporated into the training sct ¿urd neur¿tl nctr,r,orli.s can be

performed.

- The neural networks in this thesis \vere stLldied using softrvare

simulations on a general pLlrposc cot-rlputer. Ouc possible extension

of this rvork rvould be to implenent the neur¿rl netn,orks ilt silicoll to

test actual routing performarnce.
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Appendix A:
Training macros and sets
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lcon based representation
of the V2 Macro
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Appendix B:

Single node modelling results
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0.05912
0.06177
0.06377

0.05782
0.05961
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Destin âtio n

1

2

3

4

5

6

7

I
9

0

1

2

3

4

5

6

Training Flesults for V1 .2.10.2
(Network 2.10.2, V1 Macro)

Neuron o1 (Route 3)

Taroet
0.2569

0.1245
0.3486
0.4146
0.2335

0.249
0.3588
0.4618
0.3524
0.3588
0.4776
0.6385
0.4405
0.4942
0.6745

Meas
0.14932
0.10219
0.09382
0.28185
0.41347
0.08242

0.1 04
0 .34716
0.4391 1

0.10614
0.3286I
0.45562

0.624
0.3625

0.430631
I

0.63911t

I

I

D iff
0.10758
-0.1022
0.03068
0.0 66 75
0.001 13
0.15108

0.1 45
0.01164
0.02269
0.24626
0.03012
0.02198

0.01 45
0.078

0.06357
0.035391

I

¡

i

¡

Nueron o2 (Route 6)

Taroet

Neuron
Results

0.3986

0.2663
0.3966
0.4924
0.1573

0.297
0.4068
0.5097
0.2762
0.3793
0.4981

0.65 9
0.3643
0.4733
0.6536

Network
Resu lts

Meas

Averaqe lDiffl (Full)

0.16186
0.1 108

0.10212
0.30104
0.43604
0.08961
0.1 1283
0.36798
0.46259
0.1 1508
0.35833
0.47872
0.64538

0.3826
0.45226
0.65956

Averaoe lDiffl lMod)
Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D iff
0.23674
-0.1108
0.1 641 I
0.09556
0.05636
0.06769
0.18417
0.03882
0 .04711
0.161 12
0.02097
0.01938
0.01362
-0.0183
0.02104

-0.006

Averaoe lDiffl (Full
Averaqe lDiffl (Mod)

0.07054
0.06842

0.0663
0.06807

Averaoe lDiffl (Full)
Averaqe lDiffl lMod)
Std Dev lDiffl (Full)

0.0747
0.07258

Std Dev lDiffl (Mod)

Std Dev lDiffl lFull)
Std Dev lDiffl (Mod)

0.07886
0.07673
0.07215
0.07416

0.0682 9

0.07007
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De stin at io n

1

2

3
4
5

6

7
I
I
0

1

2
3

4
5

6

Training Results for V1 .2.06.4
(Network 2.06.4, V1 Macro)

Neuron

Taroel
0.3708
o.6027
0.5031
0.3 0 88

o.213
0.5481
0.4084
o.4225

0.6212
0.5181
0.5989
0.7597

0.663
0.6536
0.8046

o1 (Route 5)

Meas
0.38696
0.59431
0.49084
0.2663

0.28783
0.53388
0.33077
0.26476
0.03653
0.62441
0.5127

0.58511
0.78442
0.67004
0.67837
0.79761

I

Diff
-0.0162
0.00839
0.01226

0.0425
-0.o7 48
0.01422
0.07763
0.15774
-0.03 65
-0.0032
0.0054

0.01379
-0.0247
-0.007

-0.0248
0.00699

I

I

I

Neuron o2 (Route 8)

Tarqet

I

Neuron
R esu lts

0.3838
0.4619
0.3623
0.2418
0.3376
0.3776
0.2379
0.1281

0.3761
o.273

0.3045
0.4653
o.4179
0.4085
0.5102

Meas

Destination

Averaqe lDiffl lFulll

0.34123
0.45203
0.34667
0.23695
0.27743
0.36776
0.24452

o.2078
0.02367
0.37954
0.28933
0.31116
0.46794
0.41063
0.38525

0.4862

Averaoe lDiffl (Mod)

Std Dev lDiffl lFulll
Std Dev lDiffl lMod)

D iff
0.04257
0.00987
0.01563
0.00485
0.06017
0.00984
-0.0066
-0.0797
-o.0237
-0.0034
-0.0163
-0.0067
-0.0026
0.00727
0.02325

0.024

1

2

3
4

5

6

7

I
I
0

1

2
3
4

5

6

Neuron o3 (Route 12)

Taroet

0.03289

0.5985
0.6191
0.s195
0.4 565
0.5523
0.5072

0.395
0.3428

0.3I84
0.2I53
0.1664
0.3272
0.3851
0.2762
0.3712

0.03264
0.04048
0.04189

Averaqe lDiffl (Fulll

Meas
0.59328
0.61651

0.5021
0.44198
0.533 03
0.49192
0.3 I 908
0,34296
0.0233 1

0.38312
0.2917
0.2295

0.24207
0.39052
0.30626
0.33132

Averaqe lDiffl (Mod)

Sld Dev lDiffl (Full)
Std Dev lDiffl lModl

Diff
0,00522
0.00259

0.0174
0.01452
0.01927
0.01528
0.00592
-0.0002
-0.0233
0.00528
- 0.0 064
-0.0631
0.08513
-0.0054
-0.0301
0.03988

Neuron o4 (Route 13)

Tarqet

Neuron
Resu lts

I

0.02103

0.8306
0.8512
0.7s16
0.6886
0.7 844
0.7393
0.6271
0.57 49

0.6205
0.5174
0.3985
0.2377
0.6172
0.5083
0.3929

0.02086
0.02202
o.02278

N etwork
Results

Meas

Averaqe lDiffl (Full)

0.83464
0.83803
0.76498
0.70348
0.78615
0.74378
0.6471 4
0.58669
0.03318
0.58901
0.47513
0.31962
0.24794
0.58445
0.44889
0.43999

Averaoe lDiffl (Mod)

Std Dev lDiffl lFull)
Std Dev lDiffl (Mod)

Diff
-0.004

0.0131 7
-0.0134
-0.01 49
-0.0018
-0.0045

-o.02
-0.0'118
-0.0332
0.03149
0.04227
0.07888
-0.0102
0.03275
0.05941
-o.0471

Averaqe lDiffl (Full)
Averase lDiffl (Mod)

0.02'118
0.02104
0.02362
0.0244a

Averaqe lDiffl (Fulll

Averaoe lDiffl lMod)

0.02532

Std Dev lDiffl lFulll

0.02506

Std Dev lDiffl (Mod)

Std Dev lDiffl (Full)
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0.02618
0.02571
0.02193
0.02262

0.02787
0.02874



Destination

1

2

3
4

5

6

7
8

9

0

1

2
3
4
5

6

Training Results for V1 .2.O8.4
(Network 2.08.4, V1 Macro)

Neuron o1 (Route 5)

Taroel
0.3708
0.6027
0.5031
0.3088

0.213
0.5481
0.4084
0.422s

0.6212
0.5181
0.5989
0.7597

0.6 63
0.6536
0.8046

Meas
0.3s205

0.5856
0.48237
0.24995
0.27724
0.52539
0.32837
0.2884s

0.0526
0.65128
0.54835
0.59535
0.75393
0.70045
0.66736
0.79197

I

I

i

i

D iff
0.0187s

0.0171
0.02073
0.05885
-0.0642
0.02271
0.08003
0.1 3405
-0.0526
-0.0301
-0.0303
0.00355
o.00577
- 0.03 75
-0.0138
0.01263

I

I

Neuron o2 (Route 8)

Tarqet

I

Neuron
R esu lts

0.3838
0.461 I
0.3623
0.2418
0.3376
0.3776
0.2379
0.1281

0.3761
o.273

0.3045
0.4653
0.4179
0.4085
0.5102

Meas

Destination

Averaqe lDiffl (Full)

0.33991
0.45071
0.35385
0.23459
0.27887
0.36714
0.24195
0.21074
0.03387
0.37922
0.28818
0.28943
0.47533
o.40757
0.37255
0.49962

Averaoe lDiffl {Mod)
Std Dev lDiffl (Full)

Std Dev lDiffl lModl

D iff
0.04389
0.01119
0.00845
0.00721
0.05873
0.01046
-0.0041
-0.0826
-0.0339
-0.0031
-0.0152
0.01507

-0.01
0.01033
0.03595
0.01 058

1

2
3

4

5

6

7
I
9

0
'1

2
3

4

5

6

Neuron 03 (Roule '12)

Taroet

0.03766

0.5985
0.6191
0.5195
0.45 65
0.5523
o.5072

0.395
0.3428

0.3I84
0.2 8 53
0.1664
0.3272
0.3851
0.2762
o.3712

0.03666
0.0339 1

0.03485

Averaoe lDiffl lFull

Meas
0.6'1316
0.62 066
0.50933
0.44457
0.53606
0.49369
0.38487
0.33575
0.03763
0.36284
0.26408
0.21265
0.28202
0.36627
0.30839
0.34629

Averaoe lDiffl lMod)
Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D iff
-0.o1 47
-0.0016
0.01017
0.01193
0.01624
0.01351
0.01 01 3

0.00705
-0.0376
0.02556
0.02122
-0.0463
0.04518
0.01883
-0.0322
0.o24s1

Neuron 04 (Route 13)

Taroet

Neuron
R esu lÌs

0.02255

0
0

0

0

0

0

0
0

0.02179

8306
851 2

751 6
6886
7844
7393
6271
5749

6205
5174
3985
2377
6172
5083

I

39291

0.02262

Network
Resu lts

Meas

0.0232

Averaqe lDiffl (Full)

0.84129
0.84059
0.75722
0.70087
0.781 13
o.74236
0.65044
0.58957
0.06216
0.57605
0.45055
0.34866
0.24983
0.57499
0.47 451

o.4174

Averaqe lDiffl (Mod)

Sld Dev lDiffl (Full)

Std Dev lDiffl (Mod)

D iff
-0.0'107
0.01061
-0.0056
-0.0123
0.00327
-0.0031
-0.0233
-0.0147
-0.0622
0.o4445
0.06685
0.04984
-0.0121
o.042211
0.033791
-0.02451

Averaqe lDiffl lFulll

0

0

0

0

0

0

0

Averaqe lDiffl (Mod)

0.021 06
0.01996
0.01335
0.01304

Averaqe lDiffl (Fulll
Averaoe lDiffl lMod)

0.02687

Std Dev lDiffl (Full)

0.02556

Std Dev lDiffl lMod)

Std Dev lDiffl (Full)
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Sld Dev lDiffl (Mod)

o.02622
0.02382
0.02106
0.01942

0.02422
0.02428



Deslinatio n

'1

2
3

4
5

þ

7
I
I
0

1

2
3

4

5

6

Training
(Model

Neuron 01 (Route 5)

Tarqet
0.3708
0.6027
0.5031
0.3088

0.213
0.5481
0.4084
o.4225

0.6212
0.5181
0.5989
o.7 597

0.663
0.6536
0.8046

Results for V1 .2.10.4
2.06.4, V1 Macro)

Meas
0.34781

0.5936
0.46029
o.28944
0.19687
0.52875
0.35785
0.32037

0.0652
0.63596
0.55983
0.59126
0.74813
0.7088 1

0.67154
0.7784

D ¡ff
0.02299

0.0091
0.04281
0.01936
0.01 613
0.01935
0.05055
0.10213
-0.0652
-0.0148
-0.0417
0.00764
0.01157
-0.04 5 8
-0.0179
0.0262

i

Neuron o2 (Route 8)

Taroet

Neuron
Resu lts

0.3838
0.4619
0.3623
0.2418
0.3376
o.3776
0.2379
0.1281

0.3761
0.273

0.3045
0.4653
0.4179
0.4085
0.5102

Meas

Destination

Averaoe lDiffl (Fulll

o.34264
0.45209
0.35066
0.24264
0.26826
0.36484

o.2347
0.20368
0.04462
0.37651
0.29702
0.30243
0.46553
0.41836

0.3817
0.48441

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

D iff
0.04116
0.0098 1

0.01 164
-0.0008
0.06934
0.o1276

0.0032
-0.0756
-0.0446
-0.0004

-0.024
0.00207
-0.0002
-0.0005
0.0268

0.02579

1

2

3

4

5

6
1

I
I
0

1

2

3

4

5

b

Neuron o3 (Route 12)

Tarqel

0.03208

0.59 85
0.6191
0.5'195
0.4565
0.5523
0.5072

0.395
0.3428

0.3 8 84
0.2853
0.1664
0.3272
0.38 51

0.2762
0.3712

0.02987
0.02514
0.0243i

Averaqe lDiffl (Fulll

Meas
0.611'17
0.61465
0.50773
0.42852
0.56724
0.49523
0.37192
0.32307
0.05946
0.37162
0.25649
0.21906
0.26 893
0.36161
0.30684
0.34605

Averaqe lDiffl lMod)
Std Dev lDiffl (Fulll
Std Dev lDiffl (Mod)

D iff
-0.0127
0.00445
0.01177
0.02798
-0.0'149
0.01197
0.02308
0.01973
-0.0595
0.01678
0.02881
-o.0527
0.05827
0.02349
-0.03 0 6

0.02515

Neuron o4 (Route 13)

Tarqet

Neuron
Resu lts

0.0218

0

0

0

0

0

0

0

0

0.02027

8306
851 2
751 6
6886
7844
7393
6271
5749

6205
5174
3985
2377
6172
5083
3929

o.02446
0.02452

Network
R esu lts

Meas

Averaqe lDiffl (Full)

0.84178
0.83766
0.75736
0.69339

0.797
o.74773
0.65121
0.59463
0.10837
o.57796
0.40723
0.32292
0.26839

0.5429
0.45363
0.45789

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

D iff
-0.0112
0.01354
-0.0 05 8
-0.004I
-0.0126
-0.0084
-0.0241
-0.0197
-0.1 084
0.04254
0.11017
0.07558
-0.0307
0.0743

0.05467
-0.065

Averaqe lDiffl (Fulll

0

0

0

0

0

0

0

Averaoe lDiffl lMod)

0.02637
0.0241ê
0.01675
0.01473

Averaqe lDiffl (Full)

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

0.0304
0.02779

Std Dev lDiffl (Modl

Std Dev lDiffl (Full)
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Std Dev lDiffl lMod)

0.04134
0.03687
0.03587
0.03219

0.02684
0.02491



Destination

1

2
3
4
5

6

7
I
I
0

1

2
3

4

5

b

Neuron o1 (Route 7)

Tarqet
0.3763
0.3588
0.2592
0.2343
0.3301
0.2745
0.1 348
0.2445
0.3476
0.3933

Meas
0.32439
0.35306
0.26104
0.19843
0.32423
0.29888
0.16594
0.24108
0.30476

0.3628
0.02144
0.42217
0.56079
0.50309
0.s2237
0.63594

I

i

i

¡

i

i

i

Trainíng Results for V1.2.06.6
(Network 2.06.6, V1 Macro)

D¡ff
0.05191
0.00574
-0.0018
0.03587
0.00587
-0.o244
-0.0311
0.00342
0.04284
0.0305

-0.021 4
-0.0013
-0.0005
-0.0216
0.00833
-0.0093

Neuron o2 (Route 8)

Taroet

Neuron
Results

0.42 0 9

0.5603
0.4815
0.5307
0.6266

0.4256
0.5037
0.4041
0.2836
0.3794
0.4194
0.2797
0.1699

0.273
0.5382

0.3463
0.4857
0.6331

0,456
0.552

Meas

Destination

Averaoe lDiffl lFull)

0.45136
0.50846

0.3439
0.25905

0.3434
0.44557
0.21506
0.22117
0.28389
0.51762
0.02386
0.35589
0.46069
0.55341
0.46017
0.60312

Averaqe lDiffl lMod)
Sld Dev lDiffl lFull)
Std Dev lDiffl lMod)

Diff
-0.0258
-0.0048
0.0602

0.02455
0.036

-0.0262
0.06464
-0.0513
-0.0109
0.02058
- 0.023 I
-0.0096
0.02501
0.07969
-0.0042
-0.0511

1

2

3

4

5

6

7
8
o

0

1

2

3

4
5

6

Neuron 03 (Routs 10)

Neuron

Taroet

Taroet

0.4882
0.3793
0.3559
0.4862

0.582
0.247

0.3867
0.4964
0.5995
0.1281

o.4713
0.6321
0.2526
0.3615
0.5418

0.5759
0.654 1

0.5545
0.433 I
0.4732
0.56 96

0.43
0.3203
0.2853
0.4871

0.1 439
0.3047
0.3626
0.2536
0.34 9 6

0.0185

o4

0.0183
0.01634

(Route 12)

0.01689

Meas

Averaqe lDiffl (Full)

Meas

0.446
0.35668
0.40491

0.4399
0.60137
0.23824
0.39432
0.51225
0.53008

0.1904
0.01639

0.4469
0.65468
0.26268
0.36893
0.50516

0.6301
0.63262
0.488 I 1

0.46464
0.464
0.529

0.40619
0.27664
0.30656
0.50336
0.01979

0.2047
0.2825

0.34563
0.19728
0.34465

Averaqe lDiffl lMod)
Std Dev lDiffl (Full)

I

i

Std Dev lDiffl (Mod)

Dif f

Diff

0.0422
0.02262

-0.049
0.0463

-0.0194
0.00876
-0.0076
-0.0159
0.06942
-0.0623
-0.0164
0.0244

-0.0226
-0.0101
-0.0074
0.03664

-o.0542
0.02148
0.06559
-0.0307
0.0092
0.040 6

0.02381
0.04366
-0.0213
-0.0163
-0.01 98
- 0.060 I
0.0222

0.01 697
0.05632
0.00495

I

I

I

Neuron 05 (Route 14)

Tarqet

Neuron
Results

I

0.03239

0.6182
0.5092
0.4I59
0.6162

0.712
0.3769
0.5166

0.565
0.53

o.2944

0.3886
0.5494
0.1699
0.2789
0.4591

0.03296
0.02269
0.02337

Network
Res ults

Averaqe lDiffl (Full)

Meas

Averaqe lDiffl (Full)

0.60604
0.50591
0.52778
0.58517

0.67 44
0.35253
0.53532
0.54384
0.54 5 96
0.26367
0.01 6'14
0.36163
0.55778
0.24152
0.25945
0.41313

Averaoe lDiffl lMod)

Averaoe lDiffl lMod)

Std Dev lDiffl lFull)

Std Dev lDiffl lFull)

Std Dev lDiffl lMod)

Std Dev lDiffl lMod)

Diff
0.01 21 6
0.00329
-0.0419
0.03103

0.0376
0.02437
-0.0187
0.02116

-0.016
0.03073
-0.0161
0.02697
-0.0084
-0.0716
0.01945
0.04597

Averaoe lDiffl lFulll
Averaqe lDiffl (Mod)

Neuron o6 (Route 15)

Tarqet

0.02881

o.o317 4

0.7023
0.6088
0.5854
0.5603
0.5997
0.4765
0.5564
0.4467
0.4117
0.3939

0.2703
0.4311
0.2695
0.1 605
0.3408

0.02964

0.03254

0.01982

0.01918

0.02023

0.01957

Meas

Averaoe lDiffl lFulll

0.67104
0.61 179
0.55569
0.59134
0.61421
0.47097
0.53716
0.43146
0.43907
0.38402
0.0171S
0.24801
0.37925
0.25818
0.1837

0.32935

Averaqe lDiffl (Mod)

0.02638

Std Dev lDiffl (Full)

0.02686

Sld Dev lDiffl lMod)

D iff
0.03126

-0.003
0.02971

- 0.03 1

-0.0145
0.00553
0.01924
0.01524
-0.027 4
0.00988
-0.0172
0.02229
0.05185
0.01 132
-0.0232
0.01 145

Sld Dev lDiffl (Full)

Std Dev lDiffl lMod)

0.02659
0.02729
0.01683
0.01718

Averaoe lDiffl (Full)

Averaoe lDiffl lMod)
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0.01845

Std Dev lDiffl (Full)

0.01 895

Std Dev lDiffl (Mod)

0.02025
0.02046
o.01221
0.01261



D estin ation

i1
i2
¡3
i4
i5
i6
i7
i8
i9

i10
i11
i12
i13
i14
i15
i'l 6

Neuron o1 (Route 7)

Tarqet
0

0

0

0
0

0
0
0

0

0

3763
3588
2592
2343
3301
2745
1 348
2445
3476
3933

4209
5603
481 5
5307
6266

Meas
0.3393

0.33533
0.27336
0.21966

0.3674
0.25682
0.16452
0.21343
0.32686
0.34171
0.o2124
0.42851
0.5386 1

0.5089 1

0.53985
0.61 1 48

Training
(Netork

Diff
0.037

0.02347
-0.0142
0.01464
-0.03 73
0.01768
-0.0297
0.03107
0.02074
0.05159
-0.0212
-0.0076
0.02169
-0.027 4
-0.0092
0.01512

Results for V1.2.08.6
2.08.6, V1 Macro)

Neuron o2 (Route 8)

Tarqet

Neuron
Results

0

0

0

0

0

0.4256
0.5037
0.4041
0.2836
0.3794
0.4194
0.2797
0.1699

0.273
0.5382

0.3463
0.4857
0.6331

0.456
0.552

Meas

Destin ation

Averaqe lDiffl lFulll

0.44591
0.50079
0.39986
0.25607
0.37739
0.39924
0.21088
0.20451
0.27621
0.5212

0.02389
o.32723
0.46542
0.65092
0.44991
0.53611

Averaqe lDiffl lMod)
Sld Dev lDiffl lFull)
Std Dev lDiffl lMod)

Dif f
-0.0203
0.00291
0.00424
0.02753
0.00201
0.02016
0.06882
-0.0346
- 0.0032

0.017
-0.0239
0.01907
0.02028
-0.0178
0.00609
0.01589

¡1

i2
i3
i4
i5
i6
i7
i8
i9

i10
i11
i12
i13
i14
i15
¡16

Neuron o3 (Route 10)

Neuron o4 (Route 12)

Taroet

Tarqet

0.02372

0.4882
0.3793
0.3559
0.4862

0.582
o.247

0.3867
0.4964
0.5995
0.1281

0.4713
0.632 1

0.2526
0.3615
0.5418

0

0

0

0

0
0

0.02389

5759
654 1

554 5
433 9
4732
5696
0.43
3203
2853
487 1

0.01159
0.01 198

Meas

Meas

Averaqe lDiffl (Full)

0
0

0

0
0

0

0
0
0
0
0

0
0
0

0
0

0.604 78
0.64947
0.56139
0.42594

0.4s97
0.53622
0.4 0664
0.28837
0.27248
0.50188
0.02287
0.17667
0.33235
0.35845
0.1 6761
0.30618

47327
341 06
32425
48454
59385
24445
39741
50287
s651 3
1 8999
01 738
47226
60966
17443
37604
55379

Averaoe lDiffl lMod)
Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

Dif f

0

0

0

0.01493
0.03824
0.03165
0.00166
-0.0119
0.00255
-0.0107
-0.0065
0.03437
-0.0619
-0.017 4
-0.001

0.02244
0.o7817
-0.0145
-0.012

Diff
-0.0289
0.0 046 3
-0.0069
0.00796

0.0135
0.03338
0.02336
0.03193
0.01282
-0.01 48
-0.0229
-0.0328
-0.0277
0.0041 5

0.08599
I

0.043421

Neuron o5 (Route 14)

Tarqet

Neuron
Res ults

0.1 439
0.3047
0.3626
0.2536
0.34 9 6

0.01 899

0.6182
0.5092
0.4859
0.6162

0.712
0.3769
0.5166

0.565
0.53

o.2944

0.3886
0.5494
0.1699
0.2789
0.4591

0.01866
0.01638

Network
Results

Averaqe lDiffl (Fulll

0.01 69

Meas

Averaqe lDiffl (Fulll

0.61441
0.50728
0.47805
0.59929
0.6 54 78
0.38282
0.53858

0.5513
0.55417
0.26061
0.01911
0.37191
0.55962
0.14863
0.24806
0.46552

Averaqe lDiffl lModl

Averaqe lDiffl (Mod)

Std Dev lDiffl lFull)

Std Dev lDiffl (Full

Std Dev lDiffl lModl

Std Dev lDiffl lMocll

D ¡ff
0.00379
0.001 92
0.00785
0.01691
0.05722
-0.0059

-0.022
0.0137

-0.0242
0.03379
-0.0191
0.01669
-0.0102
0.02127
0.03084

I

-0.0064t

Averaoe lDiffl lFull)
Averaqe lDiffl (Mod)

Neuron o6 (Route 15)

Taroet

0.02249

0.02469

0.7023
0.608 I
0.5854
0.5603
0.5997
0.4765
0.5564
0.4467
0.4117
0.3939

0.2703
0.4311
0.2695
0.1 6os]
0.34081

0.02283

0.0248 1

0.02189

0.0202

0.02261

Meas

Averaqe lDiffl lFulll

0.0209

0.6 5 797
0.62994
0.57125
0.56773
0.58996
0.50588
0.53605
0.44685
0.40904
0.39638
0.02119
0.22785
0.41987
0.21815
0.15936
0.34009

Averaoe lDiffl lMod)

0.02094

Std Dev lDiffl (Full)

0.02094

Std Dev lDiffl lModl

D iff
0.04433
-0.0211
0.01415
-0.0074
0.00974
-0.0294
0.02035
-0.0002
0.00266
-0.0025
-o.0212
0.04245
0.01 123
0.05135
0.001 14
0.000711

Std Dev lDiffl lFull)
Std Dev lDiffl lModl

0.01824
0.01818
0.01401

Averaqe lDiffl lFull)

0.0145

Averaqe lDiffl lModl
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0.01693

Std Dev lDiffl (Full)

0.01 748

Std Dev lDiffl lModl

0.01749
0.01725
0.01668
0.01723



D estin ation

1

2
3

4
5

6

7
I
I
0

1

2

3
4

5

6

Neuron 01 (Route 7)

Taroet
0

0
0

0
0

0
0

0

0
0

3763
3588
2592
2343
3301
2745
1 348
2445
3476
3933

4209
5603
481 5
5307
6266

Meas
0.34288
0.33848
0.27103
0.20854
0.35549

o.2576
0.13883
0.17983
0.31847
0.37848
0.02429
0.45756

0.5462
0.49425
0.51893
o.62673

i

¡

Training Results for V1.2.10.6
(Network 2.10.6, V1 Macro)

I

Dif f
0.03342
0.02032
-0.0118
0.02576
-0.0254
0.0169
-0.004

0.06467
0.02913
0.01482
-0.0243
-0.03 6 7
0.0141

-0.0128
0.01177
-0.00 01

I

I

I

Neuron o2 (Route 8)

Tarqel

Neuron
R es ults

I

0

0

0

0

0

o.4256
0.5037
0.4041
0.2836
0.3794
0.4194
o.2797
0.1699

0.273
0.5382

0.3463
0.4857
0.6331

0.456
0.552

Meas

Destination

Averaqe lDiffl (Full)

0.45625
0.50784

0.4008
0.25214
0.35879
0.39233
0.19369
0.18864
0.28456
0.52774
0.02638
0.31924
0.46326
0.64468
0.45861
0.55495

Averaoe lDiffl lMod)
Std Dev lDiffl lFull)
Std Dev lDiffl lModl

D iff
-0.0307
-0.0041
0.0033

0.03146
0.02061
0.02707
0.08601
-0.0187
-0.0116
0.01046
-0.0264
0.02706
0.02244
-0.0116
-0.0026

-0.003

i1
i2
i3
i4
i5
i6
i7
i8
i9

i10
i11
i12
il3
i14
i15
¡16

Neuron 03 (Routê 10)

Neuron 04 (Route 12)

Taroet

Tarqet

0.02162

0.4882
0.3793
0.3559
0.4862

0.582
0.247

0.3867
0.4964
0.5995
0.1281

0.4713
0.6321
0.2526
0.3615
0.5418

0

0

0

0

0

0

0.02145

5759
654 1

554 5
433 9

4732
5696
0.43

3203
2853
4871

1 439
3047
3626
2536
3496

0.01524
0.01576

Meas

Averaoe lDiffl lFulll

Meas

0.46024
0.32407
0.31452
0.48968
0.62469
o.25107
0.38978
0.49543
0.55046
0.21266
0.02446
0.48184
0.62459
0.16571
0.36151
0.54498

0

0

0

0
0

0

0

0

0

0

0

0

0

0

0

0

Averaoe lDiffl lModl

61 843
66501
57336
4277s
43626
5371 I
41733
2941 2
2851 I
47372
0269 8

1 4451
31116
37839
20217
30118

Std Dev lDiffl lFulll
Std Dev lDiffl (Mod)

D ¡ff
0.02796
0.05s23
0.04138
-0.003 5

-0.0427
-0.004'l
-0.0031
0.00097
0.04904
-0.084 6

-0.0245
-0.0105
0.00751
0.08689
-1 E-05

-0.0032

Diff

0

0

0

-0.0425
-0.0109
-0.0189
0.0061 5

0.03694
0.03241
0.01267
0.0261 I
0.00011
0.01338

-o.027
-0.00 0 6

-0.0065
-0.0158
0.05143
0.04842

Neuron o5

Tarqet

Neuron
R es ults

0

0

0

0

0

0.02106

0.6182
0.5092
0.4 859
0.6162

0.712
0.3769
0.5166

0.56 5

0.53
o.2944

0.3886
0.5494
0.1699
0.2789
0.4591

0.02071
0.02015

(Route

Network
Res u lts

0.020 I

Averaoe lDiffl lFullì

Meas

Averaqe lDiffl lFullì

0.60379
0.491 '14

0.46759
0.6 04 84
0.67862
0.38614
0.53687
0.55506
0.55443
0.26474
0.02694
0.36086
0.56 8 82
0.14639

0.2645
0.45127

Averaoe lDiffl lModl

Averaoe lDiffl lMod)

14)

Std Dev lDiffl lFull)

Std Dev lDiffl lFull)

Std Dev lDiffl lMod)

Std Dev lDiffl {Mod)

D iff
0.01441
0.01806
0.01831
0.01 136
0.03338
- 0.0092
-0.0203
0.00994
-0.0244
0.02966
-0.0269
0.02774
-0.0194
0.02351

0.0144
0.00783

Averaoe lDiffl lFull
Averaqe lDiffl (Mod)

Neuron oG (Route 15)

Taroet

0.02782

0.02186

0.7023
0.6088
0.5854
0.5603
0.5997
0.4765
0.5564
0.4467
o.4117
0.3939

0.2703
0.4311
0.2695
0.1605
0.3408

0.02804

0.02152

0.02933

0.01658

0.03035

Meas

Averaoe lDiffl (Full)

0.0171

0.6563
0.63166
o.s7252
0.56612
o.58282
0.50828
0.54534
0.45656
0.41711
0.37715
0.02743
0.1 9605
0.40826
0.23356

0.1967
0.33281

Averaoe lDiffl lMod)

0.02261

Sld Dev lDiffl (Full)

o.02238

Std Dev lDiffl lMod)

D iff
0.046

-0.0229
0.01288
-0.00s8
0.01688
-0.0318
0.01106
-0.009 9
-0.00 54
0.01675
-0.027 4
0.07425
0.02284
0.03594
-0.0362
0.00799

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

0.01931
0.0188

0.0078 1

Averaoe lDiffl lFull)

0.0078

Averaoe lDiffl lModl
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0.01867

Std Dev lDiffl (Full)

0.o1927

Std Dev lDiffl lModl

0.02377
0.024

0.01808
0.01869



Destin atio n

1

2

3

4

5
6

7

I
I
0

1

2

3

4

5

6

Training Results tor Y2.2.06.2
(Network 2.06.2, V2 Macro)

Neuron o1 (Route 3)

Taroet
0.2569

0.1245
0.3486
0.4146
0.2335

0.249
0.3588
0.4618
0.3524
0.358I
0.4776
0.6385
0.4405
0.4942
0.6745

Meas
0.31309
0.34317
0.18544
0.35828
0.44063
0.1 8121
0.25843
0.36858
0.47515
0.29949
0.35477
0.47591
0.64429
0.39559
0.47607
0.665141

I

i

¡

i

i

¡

¡

D iff
-0.0562
-0.3432
-0.0609
-0.00 9 7

-0.026
0.05229
-0.0094
-0.00 9I
-0.0134
0.05291
0.00403
0.001 69
-0.0058
0.04491
0.01813
0.00936

Neuron o2 (Route 6)

Taroet

Neuron
R esu lts

0.3986

0.2663
0.3966
0.4924
0.1573

0.297
0.4068
0.5097
0.2762
0.3793
0.4981

0.65 9
0.3643
0.4733
0.6536

N etwo rk
R esu lts

Meas

Average lDiffl (Full)

0.34103
0.3692

0.21066
0.38638
0.46424
0.20552
0.28785
0.39643

0.4953
0.32862

0.3831
0.499 8B

0.65273
0.41452
0.49308
0.66411

Averase lDiffl (Mod)

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D iff
0.05757
-0.3 6 92
0.05564
0.01022
0.02816
-0.0482
0.00915
0.01037

0.0144
-0.0524
-0.0 03 8
-0.0018
0.00627
-0.0502
-0.0198
-0.0105

Averase lDiffl (Full)
Averaqe lDiffl (Mod)

0.044 86
0.02497

0.0823
0.021 83

Averaoe
Averase lDiffl (Mod)

0.04579

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

0.0251

Diffl (Full

Std Dev lDiffl lFull
Std Dev lDiffl (Mod)

0.04673
0.02523

0.0884
0.02123

0.08402
0.02116
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Destination

1

2

3

4

5

6

7
8

I
0

1

2

3

4

5

b

Training Results tor Y2.2.08.2
(Network 2.08.2, V2 Macro)

Neuron o1 (Route 3)

Tarqet
0.2569

0.1245
0.3486
0.41 46
0.2335

0.249
0.358I
0.4618
0.3524
0.3588
0.4776
0.6385
0.4405
0.4942
0.6745

Meas
0.31 31 I
0.34503
0.18331

0.3582
0.44087
0.181 14
0.25793
0.36955
0.47485
0.30073
0.35572
0.47731
0.64395
0.3933I
0.47578
0.66512

I

i

i

¡

i

¡

i

D iff
- 0.05 63

-0.345
-0.058I
-0.00 96
-0.0263
0.05236
-0.0 0 89
-0.0108
-0.0131
0.05167
0.00308
0.00029
-0.0055
0.04712
0.01842
0.00938

Neuron o2 (Route 6)

Taroet

Neuron
R esults

0.3986

0.2663
0.3 96 6

0.4924
0.1573

0.297
0.4068
0.5097
0.2762
0.3793
0.4981

0.659
0.3643
0.4733
0.6536

Network
R esu lts

Meas

Averaoe lDiffl (Full

0.34232
0.37134
0.21173
0.38664

0.4644
0.20675
0.28839
0.39543
0.49584
0.32784
0.38211
0.49838
0.65322
0.41445
0.49328

0.664

Average lDiffl (Mod)

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D ¡ff
0.05628
-0.3713
0.05457
0.00996

0.028
-0.0495
0.00861
0.01 137
0.01386
-0.0516
-0.0028
-0.0 0 03
0.00578
-0.0502

-0.02
-0.0104

Averaqe lDiffl (Full)
Averaoe lDiffl lMod)

0.04478
0.02476

0.0828
0.02183

Averaqe lDiffl (Full
Averaqe lDiffl (Mod)

0.04566

Std Dev lDiffl (Full)

0.02482

Std Dev lDiffl (Mod)

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

0.04653
0.02488
0.08901
0.02124

0.08457
0:O2117
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Destin atio n

i1
i2
i3
i4
i5
i6
i7
i8
i9

¡10
¡11
i12
¡13
i14
i15
¡16

Training Results for
(Network 2.10.2, Vz

Neuron o1 (Route 3)

Taroet
0.256I

0.1245
0.3486
0.4146
0.2335

0.249
0.3588
0.4618
0.3524
0.358I
0.4776
0.6385
0.4405]
o.4s42l

I

0.6745t

Meas
0.31 31 6
0.33448
0.18482
0.3589 9
0.44122
0.18149
0.25905
0.36995
0.47465
0.30013
0.35577
0.47662

0.6441
0.3921
0.4765

0.6632s

v2.2.10.2
Macro)

D iff
-0.05 63
-0.3345
-0.0 6 03
-0.01 04
-0.0266
0.05201
-0.0101
-0.01 12
-0.0129
0.05227
0.0 03 03
0.00098
-0.0 05 6
0.0484
0.0177

0.01125

Neuron o2 (Route 6)

Neuron
Resu lts

Taroet
0.3986

0.2663
0.3966
0.4924
0.1 573

0.297
0.4068
0.5097
0.2762
0.3793
0.4981
0.65I

0.3643]
0.47331
0.65361

Network
R esu lts

Meas

Averaqe I

0.34247
0.36095

0.2105
0.38575
0.46391
0.20618
0.28724
0.39499
0.49594
0.32836
0.38198
0.49909
0.65277

0.4153
0.4926

0.665861

Average lDiffl (Mod)
Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

)iffl {Full

D iff
0.05613

-0.3 61

0.0558
0.01085
0.02849
-0.0489
0.00976
0.01181
0.01376
-0.0522
-0.0027
-0.0 01

0.00623
-0.0511

-0.01931
-0.01231

Averaoe lDiffl (Full
Average lDiffl (Mod)

0.0445 9
0.02526
0.08014
0.02188

Averaqe lDiffl (Full)
Average lDiffl (Mod)

0.04545

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

0.0253
Std Dev lDiffl (Fuil)
Std Dev lDiffl lMod)

0.04632
0.02534
0.08636
0.021 16

0.08196
0.021 15
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Destination

1

2

3
4
5

6

7
I
I
0

1

2
3
4

5

6

Training Results Íor V2.2.06.4
(Network 2.06.4, V2 Macro)

Neuron o1 (Route 5)

Tarqet
0.3708
0.6027
0.5031
0.3088

0.213
0.5481
0.4 0 84
0.4225

0.6212
0.5181
0.5989
0.7597

0.6 63
0.6536
0.8046

Meas
0.38399
0.60233
0.50783
0.30664
0.25767
0.54793
0.39223
0.36142
0.38876
0.61758
0.50669
0.5821 2
0.78868

0.6663
0.661s4
0.82517

D iff
-0.0132
0.00037
-0.0047
0.00216
-0.0447
0.00017
0.01617
0.06108
-0.3888
0.00362
0.01 141
0.01678

-0.029
-0.0033
-o.oo79
-0.0206]

I

i

Neuron o2 (Route 8)

Tarqet

Neuron
R esu lts

0.3838
0.4619
0.3623
0.2418
0.3376
0.3776
0.2379
0.1281

0.3761
0.273

0.3045
0.4653
0.4179
0.4085
0.5102

Meas

Destination

Averaqe lDiffl (Full)

0.35059
0.46229
0.36139
0.25847

0.2794
0.38121
0.27368
0.24601
0.21248
0.37943
0.29045
0.30689
0.45896
0.40769
0.37938
0.50217

Averaqe lDiffl (Mod)

Std Dev lDiffl lFull)
Std Dev lDiffl lMod)

Dif f
0.03321
-0.0004
0.00091
-0.0167
0.0582

-0.0036
-0.0358
-0.1 1 79
-0.2125
-0.0033
-0.0175
-0.0024
0.00634
0.01021
o.o2s12
0.00803

1

2
3
4

5

Þ

7

I
I
0

1

2

3
4
5

6

Neuron o3 (Route 12)

Tarqet

0.03899

0.5985
0.6191
0.5195
0.4565
0.5s23
0.5072

0.395
0.3428

0.3884
0.28s3]
0.16641

032721
o.38s1l
0.27621
o.s712l

0.01568
0.09478
0.01 745

Averaoe lDiffl lFulll

Meas
0.59974
0.62235
0.50448
0.43547

0.5509
0.49724
0.38'184
0.3317

0.22271
0.399s3
0.3072

0.24706
0.26207
0.40448
0.33001
0.33564

Averaqe lDiffl (Mod)

i

Std Dev lDiffl (Full)

I

i

Std Dev lDiffl (Mod)

Diff
-0.001 2
-0.0032
0.01502
0.02103

0.0014
0.00996
0.01316

0.0111
-0.2227
-0.0111
-0.0219
-0.0807
0.06513
-0.01 94
-0.05381

I

0.035s6t

I

I

I

Neuron o4 (Route 13)

Tarqet

I

Neuron
R esu lts

0.03475

0.8306
0.8512
0.7516
0.6886
0.7844
0.7393
0.6271
0.57 49

0.0229
0.05608
0.03102

Network
Resu lts

Meas

Averaoe lDiffl (Full)

o.8477 4
0.84645
0.76569
0.70164
0.81159
0.74685
0.62745
0.55588
0.37734
0.61139
0.49998
0.35617
0.27664
0.60606
0.48314
0.41925

Averaoe lDiffl lMod)
Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D iff
-0.01 71

0.0047s
-0.0141
-0.013

-0.0272
-0.0076
-0.0003
0.01902
-0.3773
0.00911
0.01742
0.04233
-0.038I
0.01 1 14
0.025161

i

-0.0264 I

Averaqe lDiffl (Full)

0.6205
o.5174
0.3985
0.2377
0.6172
0.5083
0.3929

Averaqe lDiffl (Mod)

0.03665
0.02425
0.0548 1

0.02412

Averaoe lDiffl (Full

Averaqe lDiffl lModl

0.03777

Std Dev lDiffl (Full)

0.02027

Std Dev lDiffl (Mod)

Std Dev lDiffl (Full)
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Std Dev lDiffl (Modl

0.04068
0.01824
0.0I051
0.01 1 95

0.07456
0.02202



D esti n ati on

i1
i2
i3
i4
i5
i6
i7
¡8
i9
i10
¡11
i12
i13
i14
i15
il6

ïraining Results Íor V2.2.08.4
(Network 2.08.4, V2 Macro)

Neuron o1 (Route 5)

Taroet
0.3708
0.6027
0.5031
0.3088

0.213
0.54 81

0.4 0 84
0.4225

0.6212
0.5181
0.5989
0.7597

0.6 63
0.6536
0.8046

Meas
0.38102
0.60416
0.50401
0.30029
0.26661

0.5502
0.39251
0.35983
0.38955
0.62405

0.5156
0.59143
0.77694
0.67633
0.66248
0.81876

D¡f f
-0.0102
-0.0015
-0.0009
0.0085 1

-0.0 53 6
-0.0 021
0.01589
0.06267
-0.3896
-0.002I
0.0025

o.oo747
-0.o172
-0.0133
-0.0089
-0.0142

Neuron o2 (Route 8)

Taroet

Neuron
Resu lts

0.3838
0.4619
0.3623
o.2418
0.3376
o.3776
0.2379
0.1281

0.3761
0.273

0.3045
0.4653
0.4179
0.4085
0.5102

Meas

Destination

Averaqe lDiffl (Full)

0.35577
0.46389
0.36782
0.25907
0.28925
0.38232
0.27058
o.24146
0.23948
0.37564
0.28839

0.3005
0.4704

0.40034
0.34862
0.51038

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

D iff
0.02803

-0.002
-0.0055
-0.0173
0.04835
-0.0047
-0.0327
-0.1 134
-0.2395
0.00046
-0.0154

0.004
- 0.005 1

0.01756
0.05988
-0.0002

1

2

3

4
tr

6

7

I
I
0

1

2

3

4

5

6

Neuron o3 (Route 12)

Tarqel

0.0382 1

0.5985
0.6191
0.5195
0.4565
0.5 5 23
0.5072

0.395
o.3428

0.3I84
0.2853
0.1 664
0.3272
0.3 8 51

0.2762
0.3712

0.01479
0.09538
0.01848

Averaqe lDiffl lFull)

Meas
0.60624
0.62525
0.51206
0.44006
0.55 628
0.499 94
0.38019
0.32986
0.29655
0.39517
0.29939
0.23937
0.27988
0.395 96
0.33044
0.34606

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

I

i

i

i

i

Std Dev lDiffl (Mod)

D iff
-0.0077
-0.0 0 61

0.007 44
0.01644

-0.004
0.00726
0.01481
0.01294
-0.29 66
-0.006I
-0.0141
-0.073

0.04732
-0.0109
- 0.0542
0.02514

Neuron o4 (Route 13)

Taroet

Neuron
R esu lts

I

0.o3712

0.8306
0.851 2
0.7516
0.6886
0.7844
0.7393
0.6271
0.5749

0.6205
0.517 4
0.3985
0.2377
0.6172
0.5083
0.3929

0.02363
0.06157

N etwork
Resu lts

0.0307

Meas

Averaqe lDiffl (Full)

0.84239
0.84649
0.76105

o.7017
0.8042

0.74843
0.63425
0.56508
0.51 137
0.61837
0.50186
0.37122
0.26393
0.61662
0.49114
0.40855

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl lModl

D iff
-0.0118
0.00471
- 0.0094
-0.0131
-0.0198
-0.0091
-0.0071
0.00982
-0.5114
0.00213
0.01554
0.02728
-0.0262
0.00058
0.01716
-0.0157

Averaqe lDiffl (Full)

Averaoe lDiffl lMod)

o.o3779
0.02054
0.07186
0.02079

Averaqe lDiffl (Full)

Averaqe lDiffl (Modl

0.03923

Std Dev lDiffl lFulll
Sld Dev lDiffl lMod)

0.0179
Std Dev lDiffl lFullì
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Std Dev lDiffl (Modl

0.04381
0.01263
0.12492
0.0078 I

0.08956
0.0210'1



Destination

1

2
3
4

5

6

7
I
o

0

1

2

3

4
5

6

Trainíng Results for Y2.2.10.4
(Network 2.08.4, V2 Macro)

Neuron 01 (Route 5)

Tarqet
0.3708
0.6027
0.5031
0.3088

0.213
0.5481
0.4084
0.4225

0.6212
0.5181
0.5 989
0.7 597

0.663
0.6536
0.8046

Meas
o.3779

0.60212
0.50546
0.31018
0.24618
0.55125
0.40363
0.37297
0.45799
0.62135
0.50856
0.59116
0.77617
0.67276
0.66086
0.82075

I

i

i

i

i

i

D ¡ff
-0.0071
0.00058
-o.0024
-0.0014
-0.0332
-0.0031
0.00477
0.04953

-0.458
-0.0001
0.00954
0.0077 4
-0.0165
- 0.009 I
-0.0073
-0.0162

Neuron 02 (Route 8)

Tarqet

Neuron
Resu lts

0.3 83I
0.4619
0.3623
0.2418
0.3376
0.3776
0.2379
0.1281

0.3761
o.273

0.3045
0.4653
0.4179
0.4085
0.5102

Meas

Destination

0.35714
0.46571
0.36542
0.26116
0.29302
0.37959
0.26359
0.23745
0.31976
0.37616
0.28921
0.29978

0.4692
0.40156
0.38204
0.50839

Averaoe lDiffl lFulll
Averaqe lDiffl (Mod)

Std Dev lDiffl lFull)
Std Dev lDiffl lMod)

Dif f
0.02666
-0.003 8
- 0.0031
-0.0194
0.04458

-0.002
-0.0257
-0.1 094
-0.3198
-6 E-05

-0.0162
0.oo472
-0.0039
0.01634
0.02646
0.00181

i1
i2
i3
i4
i5
i6
i7
i8
i9

¡10
i11
i12
i13
il4
i15
í16

Neuron 03 (Route 12)

Taroet

0.03919

0.5 985
0.6191
0.5195
0.4565
0.5523
0.5072

0.395
0.3428

0.3 8 84
0.2I53
0.1664
0.3272
0.3851
0.2762
o.3712

0.01127
0.11244
0.01355

Meas

Averaqe lDiffl (Fulll

0.60495
0.62475
0.51082
0.43557
0.56083
0.498 89
0.37291
0.32404
0.44419
0.39882
0.30611
0.24257

0.2716
0.40075
0.33292
0.34059

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D ifl
- 0.0 064
-0.0057
0.00868
0.02 0 93
-0.0085
0.0083 1

0.02209
0.01876
-0.4442
-0.0104
-0. o2o8
-0.0766
0.0556

-0.0157
-0.0567
0.03061

Neuron o4 (Route 13)

Tarqet

Neuron
R esu lts

0.03899

0.8306
0.8512
0.7s16
0.6886
0.7844
0.7393
0.6271
0.57 49

0.6205
0.517 4
0.3985
o.2377
0.6172
0.5083
0.3929

0.02027
0.07955
0.02781

Network
R esu lls

Meas

Averaoe lDiffl (Fulll

0.8447
0.84417
0.76138
0.70075
0.80292
0.74886
0.63743
0.56832
0.70048
0.61479
0.50194
0.36923
0,26865
0.61169
0.48511
0.4127g

Averaqe lDiffl lMod)
Std Dev lDiffl (Full)
Std Dev lDiffl lMocil

D iff
-0.0141
0.00703
-0.009 8

-o.0122
-0.0185
-0.0096
-0.0103
0.00658
-0.7005
0.00571
0.01546
0.02927

-0.031
0.00551
0.02319
-0.0199

Averaoe lDiffl lFull
Averaoe lDiffl lModl

0.05062
0.02439
0.1 0701
o.02162

Averaqe lDiffl lFull
Averaoe lDiffl lMod)

0.04655

Std Dev lDiffl lFulll

o.017 62

Std Dev lDiffl lMod)

Std Dev lDiffl (Full
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Std Dev lDiffl lModl

0.05741
0.0'1454
0.17167
0.00827

0.11968
0.0195



D estination

i1
i2
i3
i4
i5
i6
i7
i8
i9

i10
i1'l
i12
i13
i14
¡15
i16

Neuron o1 (Route 7)

Taroet
0.3763
0.35I I
0.2592
0.2343
0.3301
0.274s
0.1 348
o.2445
0.3476
0.3933

Meas
0.32439
0.35306
0.26104
0.1 9843
o.32423
0.29888
0.16594
0.24108
0.30476

0.3628
0.o2144
o.42217
0.56079
0.50309
o.52237
0.63594

Training Results for V2.2.06.6
(Network 2.06.6, V2 Macro)

D¡ff
0.05191
0.00574
-0.0018
0.03587
0.00587
-0.0244
-0.0311
0.00342
0.04284
0.0305

-o.021 4
-0.001 3
-0.0005
-0.0216
0.00833
-0.00 93

Neuron o2 (Route 8)

Taroel

Neuron
Res u lts

0.4209
0.5603
0.4815
0.5307
0.6266

0.4256
0.5037
0.4041
0.2836
0.3794
0.4194
0.2797
0.1699

0.273
0.5382

0.3463
0.4857
0.6331

0.4 56
0.552

Meas

Destination

Averaqe lDiffl (Full)

0.45136
0.50846

0.3439
0.25905

0.3434
0.44557
0.21506
0.22117
0.28389
0.51762
0.02386
0.35589
0.46069
0.55341
0.46017
0.60312

Averaoe lDiffl lModl
Std Dev lDiffl (Full)
Std Dev lDiffl lModl

D iff
-0.0258
-0.0048
0.0602

0.02455
0.036

-0.0262
0.06464
-0.0513
-0.0109
0.02058
- 0.0239
-0.0096
0.02501
0.07969
-0.0042
-0.0511

1

2

3

4

5

6

7

8

9

0

1

2
3

4

5

6

Neuron o3 (Route 10)

Neuron o4 (Route 12)

Taroet

Ïaro et

0.4882
0.3793
0.3559
0.4862

0.582
0.247

0.3867
0.4964
0.5995
0.1281

0.4713
0.6321
0.2526
0.3615
0.5418

0.01 85

0.5759
0.654 1

0.5545
0.4339
0.4732
0.56 96

0.43
0.3203
0.2853
0.4871

0.1439
0.3047
0.3626
0.2536
0.34I6

0.0183
0.01634
0.01689

Meas

Averaqe lDiffl lFulll

Meas

0.446
0.35668
0.40491

0.4399
0.60137
0.23824
0.39432
0.51225
0.53008
0.1904

0.01639
0.4469

0.65468
0.26268
0.36893
0.50516

0.6301
0.63262
0.48891
0.46464

0.464
0.529

0.40619
0.27664
0.30656
0.50336
0.01979

0.2047
0.2825

0.34563
0.19728
0.34465

Averaqe lDiffl (Mod)

Std Dev lDiffl lFulll

I

i

Std Dev lDiffl lModl

Dif f

Ditf

0.0422
0.02262

- 0.04 9

0.0463
-0.0194
0.00876
-0.0076
-0.0159
0.06942
-0.0623
-0.0164
0.0244

-0.0226
-0.0101
-0.0074
0.03664

-0.0542
0.02148
0.06559
-0.0307
0.0092
0.0406

0.0238 1

0.04366
-0.0213
-0.0163
-0.0198
-0.0608
o.0222

0.01697
0.05632
0.00495

I

I

I

Neuron o5 (Route 14)

Tarqel

I

Neuron
Resu lts

0.03239

0.6182
0.5092
0.4859
0.6162

0.712
0.3769
0.5'166

0.565
0.53

0.2944

0.3886
0.5494
0.1699
0.2789
0.4591

0.03296
0.02269
0.02337

Network
R es ults

Meas

Averase lDiffl (Full)

Averaqe lDiffl (Full)

0.60604
0.50591
o.52778
0.58517

0.6744
0.35253
0.53532
0.54384
0.54596
0.26367
0.01 614
0.36163
0.55778
0.24152
0.25945
0.41313

Averaqe lDiffl (Mod)

Averaoe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl lFull)

Std Dev lDiffl (Mod)

Std Dev lDiffl {Mod)

D iff
0.0121 6
0.00329
-0.041 I
0.03103
0.0376

0.02437
-0.0187
0.02116

-0.016
0.03073
-0.0161
0.02697
- 0.00 84
-0.071 6
0.01945
0.04597

Averaqe lDiffl (Full)

Averaqe lDiffl (Mod)

Neuron oG (Route 15)

Tarq et

0.02881

o.o317 4

0.7023
0.6088
0.5854
0.5603
0.5997
0.4765
0.5564
0.4467
0.4117
0.3939

0.2703
0.4311
0.2695
0.1605
0.3408

0.02964

0.03254

0.01982

0.01918

0.02023

0.01957

Meas

Averaqe lDiffl (Full)

0.67104
0.61 179
0.55569
0.59134
0.61421
0.47097
0.5371 6

0.43146
0.43907
0.38402
0.01719
0.24801
o.37925
0.25818

0.1 837
0.32935

Averaqe lDiffl (Mod)

0.02638

Std Dev lDiffl lFull)

0.02686

Std Dev lDiffl lMocil

Dif f
0.03126

-0.003
0.02971

- 0.031
-0.01 45
0.00553
0.01924
0.01524
-0.027 4
0.00988
-o.0172
0.02225
0.05185
0.01 1 32
-0.0232
0.01 145

Std Dev lDiffl (Full)

Std Dev lDiffl lModl

0.02659
0.02729
0.01683
0.01718

Averaqe lDiffl lFulll
Averaoe lDiffl lMod)
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0.01845

Std Dev lDiffl (Full)

0.01895

Std Dev lDiffl lModl

0.02025
0.02046
0.01221
0.01261



D estin atio n

1

2
3
4

5

b

7
I
I
0

1

2

3
4

5

6

Neuron o1 (Route 7)

Taroet
0

0

0

0

0

0

0

0

0

0

3763
3588
2592
2343
3301
2745
1 348
2445
3476
3933

4209
5603
481 5
5g07
62661

Meas
0.34989
0.35131

0.278
0.23981
0.34644
0.27247
0.17916
0.21329
0.35041
0.37683
0.12014
0.42925
0.56671
0.50412
0.5268 I
0.62308

Training Results for V2.2.08.6
(Network 2.08.6, V2 Macro)

Dif f
0.02641
0.00749
-0.0188
- 0.005 5
-0.0163
0.00203
-o.0444
0.03121
-0.002I
0.01647
-0.1 201
-0.0084
-0.0064
-0.0226
0.0038'1
0.00352

I

i

Neuron o2 (Route 8)

Taroet

I

Neuron
Results

0

0

0

0

0

0.4256
0.5037
0.4041
0.2836
0.3794
o.4194
0.2797
0.1699

0.273
0.5382

0.3463
0.4 857
0.6331

0.456
0.552

Meas

D esti nati on

Averaqe lDiffl (Full)

o.44766
0.51887
0.40148
0.27888
0.36482
0.42186
0.24171
0.20355
0.28958
0.53924
0.1 4408
0.33122

0.47 84
0.62399
0.46873
0.56157

Averaoe lDiffl lModl
Std Dev lDiffl (Full)
Std Dev lDiffl lMod)

D íff
-o.0221
-0.0152
0.00262
0.o0472
0.01458
- 0.0025
0.03799
-0.0337
-0.01 66

-0.001
-0.1441
0.01508

0.0073
0.0091 1

-o.0127
-0.0096

i1
i2
i3
i4
is
i6
i7
i8
i9

i10
¡11
i12
i13
i14
i15
¡16

Neuron o3 (Route 10)

Neuron o4

Tarqet

Taroet

0.02102

0.4882
0.3793
0.3559
0.4862

0.582
0.247

0.3867
0.4964
0.5995
0.1 281

0.4713
0.6321
0.2526
0.3615
0.5418

0

0

0

0

0

0

0.01 441

5759
654 1

5545
4339
4732
56 96
0.43
3203
2853
487 1

0.02903

(Route

0.01243

Meas

Meas

Averaqe lDiffl lFull)

0.50168
0.34988
0.34364
0.49181
0.60199
0.24741
0.38033
0.50761
0.57666
0.21147
0.1 0032
0.47947
0.63009
0.21006
0.36895
0.54554

0.59753
0.6518
0.5615

0.43794
0.47912
0.54388
0.44009
0.29372
0.27 489
0.4 9321
0.1 391 4
0.19242

0.3262
o.g7717
0.21362)

I

0.334261

Averaoe lDiffl lMoclì

12)

Sld Dev lDiffl lFull)
Std Dev lDiffl (Mod)

D iff

Diff

-0.0135
0.02942
0.01226
-0.005 6

-0.02
-0.0004
0.00637
-0.0112
0.02284
-0.0834
-0.1 003
-0.0082
0.00201
0.04254
-0.0075
-0.0037

0

0

0

-0.0216
0.0023
-0.007
-0.004

-0.0059
0.02572
-0.0101
0.02658
0.01041
-0.00 61
-0.1391
-0.0485
-0.0215
-0.0'1 46
0.03998
0.01534

Neuron o5 (Route 14)

Tarqet

Neuron
Results

0.1439
0.3047
0.3626
0.2536
0.3496

0.6182
0.5092
0.4859
0.6162

0.712
0.3769
0.5166

0.565
0.53

0.2944

0.3886
0.5494
0.1699
0.2789
0.4591

0.0218
0.01364
0.03425
0.01083

Network
Results

Meas

Averaoe lDiffl lFulll

Averaqe lDiffl (Full)

0

0

0

0

0

0

0

0

0

0
0

0

0

0

0

0

Averaoe lDiffl lMod)

63449
s1202
49729
60423
67723
381 57
53'l 12
56293
55874
27209
11668
38527
56229
1 8989
26572
45888

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl lFull)

Std Dev lDiffl (Mod)

Std Dev lDiffl (Mod)

Diff
-0.0163
-0.0028
-0.01 14
0.01 1 97
0.03477
-0.0047
-0.0145
0.00207
-0.0287
0.02231
-0.1167
0.00333
-0.01 29

-o.02
0.01318]
0.00022i

Averaoe lDiffl lFull)
Averaqe lDiffl (Mod)

Neuron o6 (Route 15)

Taroet

0.02307

0.02493

0.7023
0.6088
0.5854
0.5603
0.5997
0.4765
0.5s64
0.4467
o .41 17
0.3939

0.2703
0.4311
0.2695
0.1 605
0.3408

0.01792

0.01731

0.02917

0.03313

0.02138

0.01351

Meas

Averase lDiffl (Full)

0.66152
0.62874
0.5795 1

0.57311
0.61911
0.50456
0.54869
0.45945
0.4123

0.38723
0.1 31 07

o.25
0.41555
0.25017
0.1 9905
0.35561

Averaoe lDiffl lModì

0.02253

Std Dev lDiffl (Fulll

0.01569

Std Dev lDiffl lMod)

D iff
0.04078
-0.0199
0.00589
-0.0128
-0.0194
-0.02 81

0.00771
-0.0128
-0.0006
0.00667
-0.1 31 1

0.0203
0.01555
0.01933
-0.0386
-0.0148

Std Dev lDiffl lFull)
Std Dev lDiffl lMod)

0.01974
0.01328
o.02762
0.01008

Averaqe lDiffl lFulll
Averaqe lDiffl lModl
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0.02 9 94

Std Dev lDiffl (Full)

0.01354

Std Dev lDiffl (Mod)

0.02464
0.01754
0.0304:
0.0113€



D estin ation

1

2
3
4
5

6

7
I
o

0
1

2
3

4
5

6

Neuron o1 (Route 7)

Tarqet
0.3763
0.35I I
0.2592
0.2343
0.3301
0.2745
0.1 348
0.2445
0.3476
0.3933

Meas
0.35425
0.35134
0.28094
0.23299
0.35584
0.27319
0.1 6786
0.20867
0.34698
0.39468
0.07305
0.44293
0.563s2
0.49609
0.51708
0.62369

Training Results for V2.2.10.6
(Network 2.10.6, V2 Macro)

I

i

¡

i

¡

Dif f
0.02205
0.00746
-0.0217
0.00131
-0.0257
0.00131
-0.0331
0.03583
0.00062
-0.0014
-0.0731

-0.022
-0.0032
-0.0146
0.01362
0.0029 1

Neuron o2 (Route 8)

Taroet

I

Neuron
Results

0.4209
0.5603
0.4815
0.5307
0.6266

0.4256
0.5037
0.4041
0.2836
0.3794
0.4194
0.2797
0.1699

0.273
0.5382

0.3463
0.4857
0.6331

0.456
0.552

Meas

D estination

Averaqe lDiffl (Full)

0.45679
0.52054
0.40064
0.27671
0.36973
0.40513
0.22475
0.21174
0.30508
0.53429
0.08209

0.3238
0.48074
0.63187
0.46736
o.56127

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D iff
-0.0312
-0.0168
0.00346
0.00689
0.00967
0.01427
0.05495
-0.0418
-0.0321
0.00391
-0.0821
0.0225

0.00496
0.00123
-0.0114
-0.0093

1

2

3

4

5

6

8

I
0

1

2

3
4

5
6

Neuron o3 (Route 10)

Neuron o4 (Route 12)

Taroet

Tarqet

0.4882
0.3793
0.3559
0.4862
0.582
0.247

0.3867
0.4964
0.5995
0.1281

0.4713
0.6321
0.2526
0.3615
0.5418

0.575 I
0.654 1

0.5545
0.4339
0.4732
0.5696

0.43
0.3203
0.2853
0.4871

0.1 439
0.3047
0.3626
0.2536
0.34 9 6

0.0175
0.01379
0.01 898
0.01227

Meas

Meas

Averaqe lDiffl (Full)

0

0
0
0

0
0
0
0
0
0
0
0

0

0

0
0

0.61042
0.66451
0.56398
0.44254
0.46698
0.53378
0.42935
0.30773
0.29624
0.47 447
0.08528

0.1722
0.32577
0.38819
0.2271s1
0.328311

4891 1

33574
34572
491 81

61262
26876
39726
50053
55763
23331
07634
48487
62865
18723
36747
54884

Averaoe lDiffl lModl
Std Dev lDiffl (Full)
Std Dev lDiffl lModl

D iff

Diff

-0.0009
0.04356
0.01018
-0.0056
-0.0306
-0.0218
-0.0106
-0.0041
0.04187
-0.1 052
-0.0763
-0.0136
0.00345
0.06537

- 0.006
-0.007

- 0.034 5
-0.01 04
-0.0095
-0.0086
0.00622
0.03582
0.00065
0.01257
-0.0109
0.01263
-0.0853
-0.0283
-0.0211
-0.0256]
o.0264s I

0.0212e1

Neuron o5 (Route 14)

Taroet

Neuron
Results

0.02166

0.6182
0.5092
0.4859
0.6162
0.712

0.3769
0.5166

0.565
0.53

0.2944

0.3886
0.5494
0.1699
0.2789
0.4591

0.01763
0.02223
0.01584

Network
R esults

Averaqe lDiffl (Fulll

Meas

Averaqe lDiffl lFulll

0.62439
o.49877
0.49399
0.60665
0.67986

0.3989
0.54023
0.56054
0.55496
0.28239
o.08725
0.38151
0.56786
0.1 7068
0.2782s
0.46231

Averaqe lDiffl (Mod)

Averaoe lDiffl lMod)

Std Dev lDiffl lFulll

Std Dev lDiffl (Full)

Std Dev lDiffl {Modl

Std Dev lDiffl (Mod)

Diff
-0.0062
0.01 043
-0.0081
0.00955
0.03214

-0.022
- 0.0236
0.00446

-0.02 5

0.01201
-0.0873
0.00709
-0.0185
-0.0008
0.00065
-0.00321

Averaqe lDiffl (Full

Averaoe lDiffl lMod)

Neuron o6 (Route 15)

ïarqet

0.02788

o.02187

0.7023
0.6088
0.5854
0.5603
0.5997
0.4765
0.5564
0.4467
0.4117
0.3939

0.2703
0.4311
0.2695
0.1605
0.3408

0.02465

0.01764

0.03092

0.01983

0.02907

0.01072

Meas

Averaqe lDiffl (Full)

0.661 08
0.63245
0.57875

0.5735
0.60545
0.50957
0.54766
0.46447
o.42341
0.38312
0.08877
0.23006
0.41661
0.24993
0.21797

0.3557

Averaqe lDiffl lMod)

0.02189

Std Dev lDiffl (Full)

0.01787

Sld Dev lDiffl lModl

D iff
0.04122
-0.0236
0.00665
-0.0132
-0.005I
-0.0331
0.00874
-0.0178
-0.0117
0.01078
-0.0888
o.04024
0.01449
0.01es71
-0.05 7sl
-0.014e1

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

0.01693
0.01224
0.02097
0.00971

Averaoe lDiffl lFulll
Averaqe lDiffl (Modl
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0.02262

Std Dev lDiffl (Full)

0.01682

Std Dev lDiffl lModl

0.0255
0.02128
0.02231

0.01 51



Destination

1

2

3

4

5

6

7

I
9

0

1

2

3

4

5

6

Training Results for
(Network 2.06.2, V3

Neuron o1 (Route 3)

Taroet
0.2569

0.1245
0.3486
0.4146
0.2335

0.249
0.3588
0.461 I
0.3524
0.358I
0.4776
0.6385
0.4405
0.4s42)
0.67451

Meas
0.31049
0.34236
0.18644
0.35875
0.43977
0.18409
0.25922
0.36754
0.47429
0.29601

0.3499
0.47677
0.64158
0.38562
0.47366
0.65827

I

i

¡

i

i

v3.2.06.2
Macro)

Diff
-0.05 36
-0.3424
-0.0619
-0.0102
-0.0252
0.04941
-0.0102
-0.0087
-0.0125
0.05639

0.008 9

0.00083
-0.0031
0.05488
0.02054
0.01 623

I

Neuron o2 (Route 6)

Taroet

Neuron
R esults

0.3 986

0.2663
0.3966
0.4924
0.1573

0.297
0.4068
0.5097
0.2762
0.3793
0.4981

0.659
0.3643
0.4733
0.65361

Network
Results

Meas

Averase lDiffl (Full)

0.33101
0.36397
0.20039
0.38062
0.46274

0.1979
0.27779
0.38984
0.49697
0.31654
0.37245
0.49934
0.65952
0.407 42
0.49545

0.6753

Averaqe lDiffl lMod)
Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

D iff
0.06759

-0.364
0.06591
0.01598
0.02966
-0.0406
0.01921
0.01696
0.01273
-0.0403
0.00685
-0.0012
-o.o o o5
-0.0431
-0.0222)
-0.02171

Averaqe lDiffl lFull)
Averase lDiffl (Mod)

0.04593
0.02617
0.08191
0.02223

Averaqe lDiffl (Full)
Averaoe lDiffl lMod)

0.046 98

Std Dev lDiffl (Full)

0.02657

Std Dev lDiffl (Mod)

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

0.04803
0.02697
0.0 8663
0.02087

0.08294
0.02119
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Destinatio n

1

2
f)

4

5

6

7

B

9

0

1

2

3

4

5

b

Training Results for V3.2.08.2
(Network 2.08.8, V3 Macro)

Neuron o1 (Route 3)

Tarqet
0.2569

0.1245
0.3486
0.4146
0.2335

0.249
0.3588
0.4618
0.3524
0.358I
0.4776
0.6385
0.4405
0.4942
0.6745

Meas
0.3107

0.34226
0.18445
0.35909
0.44047
0.18575
0.25662
0.36594
0.47 484
0.29729
0.34732
0.4762

0.64155
o.38401
0.474731

I

0.65868 |

i

¡

I

Diff
-0.0538
-0.3423

-0.06
-0.01 05
-0.025 9

0.04775
-0.0 0 76
-0.0071

-0.013
0.05511
0.01 148

0.0014
-0.0 031
0.05649
0.01947
0.01582

I

i

i

¡

Neuron o2 (Route 6)

Tarqet

Neuron
Resu lts

0.3986

0.2663
0.3966
0.4924
0.1573

0.297
0.4068
0.5097
0.2762
0.3793
0.4981

0.65 9
0.36431
0.47331
0.65361

Network
R esu lts

Meas

Averase lDiffl (Futt)

0.33231
0.36426
0.20049
0.38145
0.46309
0.20162
0.27662
0.38819
0.49684
0.31842
0.36972
0.49844
0.65891

0.4061
0.49571
0.673s4i

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full
Std Dev lDiffl (Mod)

D ¡ff
0.06629
-0.3643
0.06581
0.01515
0.02931
-0.0443
0.02038
0.01861
0.01286
-0.0422
0.00958
-0.0003

9E-05
-0.0418
-0.0224
-0.0199

Averaqe lDiffl lFull
Average lDiffl (Mod)

0.04567
0.0259

0.08189
0.021 98

Averase lDiffl (Fuil)
Averaoe lDiffl (Modl

Std Dev lDiffl (Full)

0.047
0.0265 9

Std Dev lDiffl (Mod)

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

0.04834
0.02727
0.0 8661
0.02082

0.08293
0.02105
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Destin ation

1

2

")

4

5

6

7

I
9

0

1

2

3

4

5

6

Training Results lor V3.2.10.2
(Network 2.10.2, V3 Macro)

Neuron o1 (Route 3)

Taroet
0.2569

0.1245
0.3486
0.4146
0.2335

0.249
0.3588
0.4618
0.3524
0.3588
0.4776
0.6385
0.4405
0.4942
0.6745

Meas
0.31 285
0.33186
0.18222
0.35857
0.43791
0.18441
0.25697
0.36222
0.47542
0.30009
0.34818
0.47472
0.641 43
0.37897
0.47414
0.658 97

I

i

i

¡

i

¡

i

D iff
-0.056

-0.331 9
-0.0577

-0.0 1

-0.0233
0.04909
-0.00I

-0.0034
-0.0136
0.05231
0.01062
0.00288
-0.0 02 9
0.06153
0.02006
0.01553

Neuron o2 (Route 6)

Tarqet

Neuron
R esults

0.3986

0.2663
0.3966
0.4924
0.1573

0.297
0.4068
0.5097
0.2762
0.3793
0.4981

0.659
0.3643
0.4733
0.6536

Network
R esu lts

Meas

Averase lDiffl (Full)

0.33566
0.35402
0.19812
0.381 15
0.46084
0.20062
0.27713
0.38876

0.4974
0.32254
0.37104
0.49775

0.6583
0.40217
0.49433
0.67354

Averase lDiffl (Mod)

Std Dev lDiffl lFull)
Std Dev lDiffl (Mod)

D iff
0.06294

-0.354
0.06818
0.01545
0.03156
-0.0433
0.01987
0.01804

0.0123
-0.0463
0.00826
0.00035

0.0007
-0.0379

-0.021
-0.0199

Averaoe lDiffl (Full
Averaqe lDiffl (Mod)

0.04492
0.02579
0.07955
0.02251

Averaqe lDiffl (Full)
Averaoe lDiffl (Mod)

0.04622

Std Dev lDiffl (Full)

0.02644

Std Dev lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

0.04751
0.02708
0.08418
0.02085

0.08058
0.02133
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Destination

1

2
3

4
5

6

7

I
o

0

1

2

3
4

5

6

Training Results for V3.2.06.4
(Network 2.06.4, V3 Macro)

Neuron

Taroet
0.3708
0.6027
0.5031
0.3088

0.213
0.5481
0.4084
0.4225

0.6212
0.5181
0.5989
0.7 597

0.663
0.6536
0.8046

o1 (Roure 5)

Meas
0.37876
0.60405
0.50067
0.30585
0.26966
0.54266
0.36134
o.32404
o.37377
0.61504
0.49745
0.57771
0.78846
0.66752
0.66155
0.81807

D ¡ff
-0.008

-0.0013
0.00243
0.00295
-0.05 6 7

0.00544
0.04706
0.09846
-0.3738
0.00616
0.02065
0.02119
-0.02I I
-0.0045
-0.008

-0.0135

i

i

Neuron o2 (Route 8)

Taroet

I

Neuron
R esu lts

0.3838
0.4619
0.3623
o.2418
0.3376
0.3776
0.2379
0.1281

0.3761
0.273

0.3045
0.4653
o.4179
0.4 08 5
0.5'102

Meas

D est in atio n

Averase lDiffl (Full)

0.34064
o.45794
0.36096
0.25409
o.27287
0.37932
o.26173
0.23097
0.21279
0.38052
0.29117
0.30635
0.44776
0.40983
0.38086
0.49415

Averaoe lDiffl lMod)
Std Dev lDiffl (Full)

Std Dev lDiffl lModl

D iff
0.04316
0.00396
0.00134
-0.0123
0.06473
-0.0017
-0.0238
-0.1 029
-0.2128
-0.0044
-0.0182
-0.0019
0.01754
0.00807
0.02764
0.01605

't

2
3

4

5

6

7
I
I
0

1

2

3

4

5

6

Neuron o3 (Route 12)

Tarqet

0.04367

0.5 985
0.6191
0.5195
0.4565
0.5523
0.5072

0.395
0.3428

0.3884
0.2I53
0.1 664
0.3272
0.3851
o.2762
0.3712

0.02167
0.091€

0.02698

Averaoe lDiffl {Full

Meas
0.59804
0.61865

0.505
0.43128
0.54344
0.49 587
0.38042
0.32835
0.2227

0.39599
0.30311
0.23377
0.2526 I

0.3992
0.32251

0.3322

Averaqe lDiffl lMod)
Std Dev lDiffl lFulll
Std Dev lDiffl (Mod)

D iff
0.00046
0.00045
0.0145

o.02522
0.00886
0.01 133
0.01 458
0.01445
-0.2227
- 0.00 76
-0.0178
- 0.0674
o.o7 451
-0.0141i
-0.04631

o.03el

I

i

i

i

Neuron o4 (Route 13)

Taroet

Neuron
Resu lts

0.03503

0.8306
0.851 2
0.7516
0.688 6

0.7844
0.7393
0.6271
0.5749

0.6205
o.517 4
0.3985
0.2377
0.6172
0. s083 I

0.3e2el

0.02318
0.05463
0.02811

N etwo rk
Resu lts

Meas

Averaqe lDiffl (Full)

0.85096
0.84572
0.7 5971
0.69797
0.81463
0.7 4216
0.62438
0.55223
0.36348
0.60083
0.48059
0.32483i
0.288e71
o.se413l
0.467s41
0.43131 I

Averaqe lDiffl lModì
Std Dev lDiffl lFull)
Std Dev lDiffl (Mod)

D iff
-0.0204
0.00548
-0.0 081
- 0.0 094
-0.0302
- 0.002 9

0.00272
o.02267
-0.3635
0.01967
0.03681
0.07367
-0.0513
0.02307
0.04076
-0.0384

Averaqe lDiffl (Full)

Averaqe lDiffl (Modl

0.0362
o.02377
0.05442
0.02288

Averaqe lDiffl (Full)
Averaqe lDiffl (Mod)

0.04043

Std Dev lDiffl lFull)

0.02358

Std Dev lDiffl (Mod)

Std Dev lDiffl (Full)
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Std Dev lDiffl (Mod)

0.04681
0.0257

0.08663
0.02001

0.07235
0.02412



Destination

1

2
3
4

5
b

7
I
I
0

1

2

3
4

5

6

Training Results for
(Network 2.08.4, V3

Neuron o1 (Route 5)

Taroet
0.3708
0.6027
0.5031
0.3088

0.213
0.5481
0.4084
0.4225

0.6212
0.5181
0.5989
0.7 597

0.6 63
0.6536
0.8046

Meas
0.36703
0.59848
0.49015
0.29216
0.27974
0.53484
0.35273
0.31701
0.37403
0.62331
0.50364
0.57346
0.78055
0.67192

0.6534
0.8121

I

v3.2.08.4
Macro)

I

i

i

D iff
0.00377
0.o0422
0.01295
0.01664
-0.0667
0.01326
0.05567
0.10549

-0.37 4
-0.0021
0.01446
0.02544
-0.0208
-0.0089
0.0002

-0.0075

I

I

Neuron o2 (Route 8)

Taroet

Neuron
R esu lts

I

0.3838
0.4619
0.3623
0.2418
0.3376
0.3776
0.2379
0.1281

0.3761
o.273

0.3045
0.4653
0.4179
0.4085
0.5102

Meas

Dest¡n atio n

Averaqe lDiffl (Full)

0.33978
0.45563
0.35799
0.24771
0.28056
0.37314
0.25287

0.2219
0.2342
0.3755
0.2849

0.29899
0.45453
0.40214
o.37477
0.49482

Averaqe lDiffl (Mod)

Std Dev lDiffl lFull)
Std Dev lDiffl (Mod)

D iff
o.04402
0.00627
0.00431
-0.0059
0.05704
0.00446

-0.015
-0.0938
-0.2342
0.0006

-0.0119
0.00551
o.01077
0.01576
0.03373
0.01538

1

2

3
4

5

6

7

I
9

0

1

2
3

4

5

6

Neuron

Taroet

0.04577

0.5 985
0.6191
0.5195
0.4565
0.5523
0.5072

0.3 95
0.3428

0.3884
0.2I53
0.1 664
0.3272
0.3851
0.2762
0.3712

0.02388

o3

0.09207

(Route 12)

0.02953

Averaqe lDiffl (Full)

Meas
0.59915
0.61744
0.50367
0.4265 1

0.53 994
0.49132
0.37019
0.31556
0.29107

0.3829
0.289 1

0.236s9
0.26481
0.38833
0.32455
0.33749

Averaqe lDiffl (Mod)

Std Dev lDiffl lFulll
Std Dev lDiffl lMod)

Diff
-0.0006
0.00166
0.01583
0.0299 I
0.01236
0.01588
0.02481
0.o2724
-0.2911
0.0055

-0.0 03I
-0.0702
0.06239
-0.0032
-0.o484
0.033711

Neuron 04 (Route 13)

I

i

Tarqet

Neuron
Resu lts

0.03491

0.8306
0.8512
0.7s16
0.6886
0.7844
0.7393
o.6271
0.57 49

0.02163
0.05864
0.02566

Network
R esu lts

Meas

Averaqe lDiffl lFull

0.8471S
0.84278
0.75358
0.6932 1

0.80444
0.73716
0.61763

0.5403
0.49315
0.58695
0.4662

0.34665
0.28451
0.58684
0.47633
0.42664

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

D iff
-0.0166
0.00842

-0.002
-0.0046

-0.02
0.0021 4
0.00947

0.0346
-0.4932
0.03355

0.0512
0.05185
-0.0468
0.03036
0.03197
-0.0337

Averaoe lDiffl lFull

0.6205
0.517 4
0.3985
0.2377
0.6172
0.5083
0.3929

Averaoe lDiffl lModl

0.04042
o.02371
0.07 017
o.02209

Averaqe lDiffl (Fult)

Averaqe lDiffl (Modl

0.0438€

Std Dev lDiffl (Full)

0.0235S

Std Dev lDiffl lModl

Std Dev lDiffl (Full)
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Std Dev lDiffl lModl

0.05441
0.02516
0.11821
0.01749

0.08596
0.02352



Destination

1

2
3

4
5

b

7
8

I
0
1

2
3

4

5

6

ïraining Results for V3.2.10.4
(Network 2.10.4, V3 Macro)

Neuron o1

Taroet
0.3708
0.6027
0.5031
0.3088

o.213
0.s481
0.4084
0.4225

0.6212
0.5181
0.59 89
0.7 597

0.6 63
0.6536
0.8 046

(Route

Meas
0.372

0.60148
0.49s33
0.31182
0.27762
0.53986
0.36558
0.32402

0.443
0.61367
0.49272
0.57665
0.78 569
0.66629

0.6536
0.81814

I

i

i

s)

D iff
-0.0012
0.oo122
o.00777

-0.003
-0.0646
0.00824
o.04282
0.09848

-0.443
0.00753
0.02538
o.02225

-0.026
-0.0033

0
-0.0135

I

i

I

Neuron o2 (Route 8)

Taroet

I

Neuron
Resu lts

0.3838
0.4619
0.3623
0.2418
0.3376
0.3776
0.2379
0.1281

0.3761
0.273

0.3045
0.4653
0.4179
0.4085
0.51 02

Meas

Destin atio n

Averaoe lDiffl (Full)

0.33996
0.45605
0.35898

0.2548
0.28193

0.3736
0.25618
0.22137
0.31402
0.37371
0.28542

0.3084
0.45449
0.40131
0.38058
0.49975

Averaqe lDiffl (Mod)

Std Dev lDiffl (Full)

Std Dev lDiffl lModì

D iff
0.04384
0.00585
0.00332

-0.013
0.05567

0.004
-0.0183
-0.0933
-0.314

0.00239
-0.0164
-0.0039
0.01081
0.01659
0.02792
0.01045

i1
i2
¡3
i4
¡5
i6
i7
i8
i9

i10
i11
i12
i13
i14
i1s
i16

Neuron o3 (Route 12)

Tarqet

0.04 802

0.5 985
0.6191
0.5195
0.4565
0.5523
0.5072

0.395
0.3428

0.3884
0.2853
0.'l 664
0.3272
0.3851
o.2762
o.3712

0.02169
0.1 0871
0.0278s

Averaqe lDiffl (Fulll

Meas
0.59644
0.61877
0.50345
0.42226
0.54052
0.49096
0.36971
0.30647
0.43965
0.38729
0.30184
0.24764
0.26393
0.38816
0.33204
0.34386

Averaqe lDiffl {Modl
Std Dev lDiffl (Full)

Std Dev lDiffl (Modl

Diff
0.00206
0.00033
0.01605
o.03424
0.01178
0.01624
0.02529
0.03633
-0.4397
0.00111
-0.0165
-0.0812
0.06327
-0.003 1

-0.0558
0.02734

Neuron o4 (Route 13)

Tarqet

Neuron
R esu lts

0.03998

0

0

0

0

0

0

0

0

0.o2171

8306
851 2
751 6
6886
7844
7393
6271
5749

6205
5174
3985
2377
6172
5083
3929

0.07698
0.02505

N elwo rk
R esu lts

Meas

Averaqe lDiffl lFulll

0.84772
0.84486
0.75345

0.687
0.80542
0.73809
0.61826
0.52701
0.69'181
0.59039
0.47867
0.35374
0.28942
0.58155
0.48184

0.4397

Averaoe lDilfl lMod)
Std Dev lDiffl lFull)
Std Dev lDiffl lMod)

Diff
-0.0171
0.00634
-0.001 I
0.0016
-0.021

0.00121
0.00884
0.04789
-0.6918
0.03011
0.03873
0.04476
-0.0517
0.03565
0.02646
-0.0468

Averaqe lDlffl (Fullì

0

0

0

0

0
0

0

Averaqe lDiffl lMod)

0.0519
0.02605
0.1060€
0.0244a

Averaqe lDiffl (Full)

Averaoe lDiffl lModì

0.05172

Std Dev lDiffl (Full)
Std Dev lDiffl (Mod)

0.0237
Sld Dev lDiffl lFull)
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Std Dev lDiffl lMod)

0.06699
0.02534
0.16757
0.01846

0.1 1 699
0.02366



Destination

1

2
3
4
5

6

7
8

I
0
'1

2
3

4

5

o

Neuron o1 (Route 7)

Tarqet
0

0

0

0

0

0

0
0

0

0

3763
3588
2592
2343
3301
2745
1 348
2445
3476
3933

4209
5603
481 5
5307
6266

Meas
0.31922
0.33716

0.2619
0.20681
0.32354

0.2885
0.1779

0.23781
o.28712
0.32988
0.00575
0.41683
0.557s9
0.48017
0.51349
0.63397

Training Results for V3.2.06.6
(Network 2.06.6, V3 Macro)

D¡f f
0.05708
0.02164
-0.0027
0.02749
0.00656

-0.014
- 0.043 1

0.00669
0.06048
0.06342
-0.0058
0.00407
0.00271
0.00133
0.01721
-o.oo7 4

Neuron o2 (Route 8)

Tarqet

Neuron
Res ults

0
0

0

0
0

0.4256
0.5037
0.4041
0.2836
0.3794
0.4194
0.2797
0.1699

0.273
0.5382

0.3463
0.4857
0.6331

0.456
0.552

Meas

D estin ation

Averaqe lDiffl (Full)

0.43095
0.48239
0.35279
0.26558
0.33392
o.44578
0.22776
0.22109
0.25635
0.51492
0.00616
0.33455

o.4482
0.55467
0.44938
0.59507

Averaoe lDiffl lModl
Std Dev lDiffl (Full)
Std Dev lDiffl lModl

D iff
-0.0054
0.02131
0.05131
0.01802
0.04548
-0.0264
0.05194
-0.0512
0.01665
0.02328
-0.0062
0.01175

0.0375
0.07843
0.00662
-0.0431

1

¿

3

4

5

6

7

8

I
0

1

2
3

4

5

6

Neuron 03 (Route 10)

Neuron o4 (Route 12)

Taroet

Taroet

0.02135

0.4882
0.3793
0.3559
0.4862

0.582
0.247

0.3867
0.4964
0.5995
0.1281

0.4713
0.6321
0.2526
0.3615
0.5418

0

0

0

0

0

0

0.02239

5759
654 1

5545
4339
4732
5696
0.43

32 03
28 53
4871

1 439
3047
3626
2536
3496

0.02225
0.02263

Meas

Averaqe lDiffl (Full)

0.45639
0.35724
0.3762

0.42071
0.5942

o.21204
0.37366
0.48912
0.53512
0.15182
0.00488
0.46031
0.65678
0.23058
0.36917

0.4954

Meas
0.6009

0.60543
0.49067
0.44942
0.44287
0.52688
0.39585
0.277 49
0.28472
0.523 82
0.00552
0.18497

0.2705
0.36536
0.19488
0.32807

Averaqe lDiffl (Mod)

I

Std Dev lDiffl (Full)

I

Std Dev lDiffl (Mod)

Dif f

I

0.03181
0.02206
-0.02 03
0.06549
-0.o122
0.03496
0.01304
o.oo728
0.06438
-0.0237
-0.004I
0.01099
-0.0247
0.02202
-o.0077
0.0464

Dif f

0

0

0

-0.025
0.04867
0.06383
-0.0155
0.03033
0.04272
0.03415
0.04281
0.00058
- 0.036 7
-0.0055
-0.0411
0.0342

-0.002I
0.05872
0.02'153

I

I

Neuron o5 (Route 14)

I

Tarqet

I

Neuron
R es ults

0

0

0

0

0

0.6182
0. s092
0.4859
0.6162

0.712
0.3769
0.5166

0.565
0.53

0.2944

0.3886
0.5494
0.1699
o.2789
0.4 5 91

0.0309
0.0325s
0.021 13
0.02077

Averaqe lDiffl lFull)

Network
Res u lts

Meas

Averaqe lDiffl (Full)

0.60s27
0.50835
0.50406
0.55794
0.65924
0.33635
0.50436
0.52212
o.54544
0.24628
0.00484
0.36318
0.55274
0.23615
0.26624
0.40409

Avei'aqe lDiffl (Mod)

Averaoe lDiffl (Mod)

Std Dev lDiffl lFulll

Std Dev lDiffl (Full)

Std Dev lDiffl {Modl

Std Dev lDiffl lModl

D iff
0.00893
0.00085
-0.0182
0.05826
0.05276
0.04055
0.01224
0.0428 8

-0.0154
o.04812
-0.0048
0.o2542
-0.0033
-0.0663
0.01266
0.05 5 01

Averaoe lDiffl lFull
Averaqe lDiffl lMod)

Neuron o6 (Route 15)

Tarqel

0.02574

0.03151

0.7023
0.6088
0.5854
0.5603
0.5997
0.4765
0.5564
0.4467
o.4117
0.3939

o.2703
0.4311
0.2695
0.1605
0.3408

0.02713

0.03324

0.01888

0.01 884

0.01868

Meas

0.01813

Averaqe lDiffl (Full)

0.65786
0.60102
o.54422
0.56507
0.59318
0.46477
0.50959
0.42122

0.4278
0.39408
0.00506
0.23674

0.3701
0.27221
0.18856

0.3183

Averaqe lDiffl lModl

0.02683

Std Dev lDiffl lFull)

0.02826

Std Dev lDiffl lModì

Dif f
0.04444
0.00778
0.04118
-0.004 8

0.00652
0.01173
0.04681
0.02548
-0.0161
-0.0 0 02
-0.00s'l
0.03356

0.061
-o.0027
-0.0281
o.0225

Sld Dev lDiffl lFull)
Std Dev lDiffl lMod)

0.02911
0.03072
0.02232
0.02212

Averaoe lDiffl (Full)

Averaqe lDiffl lMod)
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0.02026

Std Dev lDiffl (Full)

0.02012

Std Dev lDíffl lMod)

0.02237
0.02352
0.01862
0.01 868



D estin ation

1

2
3
4

5
b

7
I
I
0
1

2
3
4

5

6

Neuron o1 (Route 7)

Taroet
0.3763
0.3588
0.2592
0.2343
0.3301
0.2745
0.1 348
0.2445
0.3476
0.3933

0.420s
0.56 03
0.481s1
0. s3071
0.62661

Meas
0.33826
0.34062
o.271 16
0.22674
0.35087
0.26325
0.16411
0.20613
0.34014
0.36568
o.11see]
0.4267s:
o.5s4881
0. s0o3sl
0.52e811
0.615281

Training Results for V3.2.08.6
(Network 2.08.6, V3 Macro)

I

i

¡

D¡f f
0.03804
0.01818

-0.012
0.00756
-0.0208
0.01 1 25
-0.0293
0.03837
0.00746
0.o2762

-0.1 1 6
-0.005I
0.00542
-0.0189
0.0008 I
0.01132

I

I

i

Neuron o2 (Route 8)

Neuron
Resu lts

Taroet
0.4256
0.5037
0.4041
0.2836
0.3794
0.4194
0.2797
0.1699

0.273
0.5382

0.3463
0.4857
0.6331

0.4s6]
0.5521

D estin ation

Meas

Averaqe lDiffl lFull)

0.44574
0.51702
0.39294
0.26405
0.36476
0.40648
0.21672
0.19544
0.28671
0.5221
0.1 386

0.g2745
0.47261ll
0.633121
o.4s38el
0.54e88 I

Averaqe lDiffl lMod)
Std Dev lDifll (Full)

Std Dev lDiffl (Mod)

D iff
-0.0201
-0.0133
0.01116
0.01955
0.01464
0.01292
0.06298
-0.0255
-0.0137
0.0161

-0.1 386
0.01885
0.01309
-2 E-os]

0.002111
0.002121

i1
i2
i3
i4
is
i6
i7
i8
i9

i10
i11
i12
i13
i14
i15
i'f 6

Neuron o3 (Route 10)

Neuron o4 (Route 12)

Taroet

Taroet

0.0230s

0.5759
0.654 1

0.554 5

0.4339
0.4732
0.56 96

0.43
0.3203
0.2853
0.4871

0.1 439
o.3047
0.3626 ]

I

0.25361
0.34 e 6l

0.4882
0.3793
0.3559
0.4862

0.582
0.247

0.3867
0.4964
0.5995
0.1281

l

o.471sl
0.63211
o.2s26l
o.361sl
o.s418l

0.0'1686
0.o2731
0.01 1 87

Meas

Meas

Averaqe lDiffl (Full)

0.48056
0.33204
0.33939
0.48497
0.59931
0.25037
0.38461
0.50233
0.56238
0.21275

0.0971
0.47169

0.6219
0.17913
0.36575
0.54503

0.6062
0.6576 5

0.5 54 98
0.4299

0.4677I
0.5337

0.41821
0.28696
0.27719
0.48462
0.1 31 78
0.1 82461

0.323841
0.3 6 e s3l
0.185281
0.3186e1

Averaoe lDiffl {Modl
Std Dev lDiffl lFull)
Std Dev lDiffl (Mod)

D iff

Diff

0.00764
o.04726
0.01651
0.00123
-0.0173
-0.0034
0.00209
-0.0059
o.03712
-0.0847
-0.0971
-0.0004
0.0102

0.07347
-0.0 043
-0.0032

-0.0303
- 0.003 5
-0.0005

0.004
0.00542
0.0359

0.01179
0.03334
0.00811
0.00248
-0.13181
-0.03 8 61

-0. o1 e1 I

-0. oo6el
o.068321
0.030e11

Neuron o5 (Route 14)

Neuron
Results

Taroet

0.02405

0.6182
0.5092
0.4 859
0.6162

0.712
0.3769
0.5166

0.565
0.53

o.2s44l

0.01 642
0.03369
0.01471

Network
Res u lts

Meas

Averaqe lDiffl (Fulll

Averaqe

0.62102
0.49548
0.48892
0.59975
0.66879
0.38075
0.53277
0.55946
0.5528

0.272s8
0.11081
0.37619
0.55918
0.1 60661
0.251631
0.4s6361

Averaqe lDiffl lMod)

Averaoe lDiffl lMod)

Std Dev lDiffl lFulll

Std Dev lDiffl (Full)

Std Dev lDiffl (Mod)

Std Dev lDiffl (Mod)

liff I (Full

Diff
-0.0028
0.01372

- 0.0 03
0.01645
0.04321
-0.0038
-0.0162
0.00554
-0.0228
0.o2182
-0.1 1 08
0.01241
-0.0098
0.00e241
0.027271

I

0.00274t

Averaqe lDiffl lFull
Averaqe lDiffl (Mod

Neuron o6 (Route 15)

Tarqel

0.38861
o.s4e4l
0.16eel
o.27}sl
o.4ss1l

0.02573

0.02694

0.7023
0.6088
0.5854
0.5603
0.5997
0.4765
0.5564
0.4467
0.4117
0.3939

0.2703)
I

0.43111
0.269s1
0.1 6051
0.34081

0.0199s

0.02098
0.03248

0.03353

0.o2724

0.01917

Meas

Averaqe

0.66179
0.62986
0.57528
0.56584
0.60398
0.50441
0.53868
0.44863
0.40852
0.38768
0.12497)
0.237011
o.41zsl

0.226831
o.175211
0.345461

Averaoe lDiffl lModl
Std Dev lDiffl lFullì

0.01752

Std Dev lDiffl lMod)

)iff I (Full)

D iff
0.04051
-0.0211
0.01012
-0.00s5
-0.0043
-0.0279
0.01772
-0.0019
0.00318
0.00622

-0.1 25
0.0332e1

0.01881
0.04267||
-o.01 471
-0. o047l

Std Dev lDiffl lFu
Std Dev lDiffl (Mod

0.0201
0.01406
0.02651
0.01124

Averaqe lDiffl (Futt)
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Averaqe lDiffl lMod)
Std Dev lDiffl (Futt)

0.01 69

Std Dev lDiffl (Mod)

0.023€
0.01684
0.03012
0.01375



D estin ation

i1
i2
¡3
i4
i5
¡6
i7
i8
i9

i10
i11
i12
i13
¡'l 4
i15
i16

Neuron 01 (Route 7)

Tarqet
0.3763
0.3588
o.2592
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Training Results for V2.2.08.2(M)
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Training Results for V2.2.08.4(M)
(Network 2.08.4, V2 Macro, modified training set)
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