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ABSTRACT OF DISSERTATION

C L A S S IF IC A T IO N  A N D  Q U A N T IF IC A T IO N  O F  H Y D R O M E T E O R S  B A S E D  

O N  P O L A R IM E T R IC  R A D A R  M E A S U R E M E N T S : D E V E L O P M E N T  O F  

F U Z Z Y  L O G IC  A N D  N E U R O -F U Z Z Y  S Y S T E M S  A N D  IN -S IT U

V E R IF IC A T IO N

O no o f  th e  m a in  a pp lica tio ns  o f  p o la r im e tr ic  ra d a r is to  re trieve  the  charac­

te r is t ic  in fo rm a tio n  abou t the  hyd rom eteors  in  th e  ra d a r reso lu tion  vo lum e. T he  

in fo rm a tio n  e x tra c tio n  from  p o la r im e tr ic  ra d a r d a ta  inc ludes id e n tif ic a tio n  o f  hy­

d ro m e te o r typ e , q u a n tita t iv e  e s tim a tio n  o f  p re c ip ita t in g  hydrom eteors, and  fore­

cast o f  h y d ro m e te o r e vo lu tion . Some A r t i f ic ia l  In te llig e n t (A I)  m ethods, such as 

fuzzy log ic  and N eu ra l N e tw ork  techniques, are p roposed  in  th is  research to  address 

the  issues o f  h yd rom e te o r c lass ifica tion  and q u a n tif ic a t io n .

Fuzzy lo g ic  and  N euro-Fuzzy system s fo r  th e  c lass ifica tion  o f h yd ro m e te o r 

typ o  based on p o la r im e tr ic  ra d a r m easurem ents is deve loped. T h e  h yd rom e te o r 

c la ss ifica tion  system  is im p lem ented  by us ing  fuzzy  lo g ic  and neura l ne tw o rk , where 

the  fuzzy log ic  is used to  in fe r h yd ro m e te o r ty p e , and  the  neura l ne tw o rk  lea rn ­

ing  a lg o r ith m  is used fo r a u to m a tic  a d ju s tm e n t o f  the  param eters o f  the  fuzzy 

sets in  the  fuzzy  log ic  system . F ive  ra d a r m easurem ents, nam ely, h o r iz o n ta l re­

f le c t iv ity  (Zf f ) .  d iffe re n tia l re f le c tiv ity  ( Z d r )■ d if fe re n t ia l p ropaga tion  phase s h ift 

( k 'o r ) .  c o rre la tio n  coeffic ien t ( p / / r ( 0 ) ) ,  and  lin e a r  d e p o la r iza tio n  ra t io  (L D R ). 

and co rre sp o n d in g  a lt itu d e  have been used as in p u t  va riab les  to  the  h yd rom e te o r

i i i
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classifie r. T h e  o u tp u t is one o f  th e  m any possible h yd ro m e te o r types , n am e ly  

l) d r iz / le .  2 )ra in . 3 )d ry  and  low  d e n s ity  snow, 4 )d ry  and  h igh  d e n s ity  c rys ta ls . 

5 )wet and m e lt in g  snow . 6 )d ry  g ra u p e l. 7 )w et g raupe l. 8 )s m a ll h a il.  9 )la rg e  h a il,  

and l( ) )m ix tu re  o f  ra in  and  h a il. T h e  N euro-F uzzy c lass ifie r is m ore  advantageous 

th a n  a s im p le  N e u ra l N e tw o rk  o r a fuzzy  log ic  c lass ifie r because it  is tra n sp a re n t 

ra th e r th a n  a "b lack b o x " (u n lik e  a n eu ra l n e tw o rk ), and  can learn  th e  pa ram ete rs  

o f  the  system  fro m  the  past d a ta  (u n lik e  a fuzzy  log ic sys tem ). T h e  N e u ro -F uzzy  

h yd ro m e te o r c lass ifie r has been a p p lie d  to  several case s tud ies  and th e  resu lts  are 

com pared  a ga in s t in -s itu  obse rva tions .

A n  a d a p tiv e  neu ra l n e tw o rk  scheme fo r  q u a n tita t iv e  p re c ip ita t io n  e s tim a tio n  

is deve loped in  th is  research. T h e  n e u ra l n e tw o rk  is a n o n -p a ra m e te ric  m e tho d  fo r  

rep resen ting  the  re la tio n s h ip  betw een ra d a r m easurem ents and ra in fa ll ra te . T h e  

re la tio n s h ip  is d e rived  d ire c t ly  fro m  a d a ta  set co n s is tin g  o f  ra d a r m easurem ents 

and ra ingage m easurem ents. T h e  effectiveness o f  ra in fa ll e s tim a tio n  by  us ing  a 

neu ra l n e tw o rk  can be in fluenced  by m a n y  fac to rs , such as the  represen ta tiveness 

and su ffic iency  o f  the  t ra in in g  d a ta  set. the  g e n e ra liza tio n  c a p a b ility  o f  the  n e t­

w o rk  to  new  d a ta , season change o r  lo c a tio n  change, e tc . To ach ieve the  best 

pe rfo rm ance , the  neu ra l n e tw o rk  m ay have to  be re fined to  a ccom m o da te  changes 

such as change o f  seasons. In  th is  s tu d y , a novel scheme o f  a d a p tiv e ly  u p d a tin g  th e  

s tru c tu re  and  pa ram ete rs  o f  the  n e u ra l n e tw o rk  fo r ra in fa ll e s tim a tio n  is presented. 

T h is  a d a p tive  neu ra l n e tw o rk  scheme enables the  n e tw o rk  to  im p le m e n t the non - 

s ta t io n a ry  re la tio n s h ip  between ra d a r m easurem ents and  p re c ip ita t io n  e s tim a tio n  

w ith  change o f  season and o th e r  e n v iro n m e n t co n d itio n s , a nd  also can  in c o rp o ra te  

new in fo rm a tio n , w ith o u t re - tra in in g  the  com p le te  n e tw o rk  from  th e  b eg in n ing . 

T h is  p re c ip ita t io n  e s tim a tio n  scheme is a good com prom ise  to  the  d ile m m a  o f  ac­

cu racy  and g e n e ra liza tio n . D a ta  co lle c ted  by a YVSR-88D ra d a r a nd  n e tw o rk  o f  

raingages were used to  eva lua te  the  pe rfo rm an ce  o f  the  a d a p tiv e  neu ra l n e tw o rk  fo r

iv
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ra in fa ll e s tim a tio n . I t  was show n th a t  the a d a p tiv e  n e u ra l n e tw o rk  can reach the 

sam e e s tim a tio n  accuracy  com pared  w ith  the  neu ra l n e tw o rk  w h ich  is tra in e d  w ith  

a ll the  ava ilab le  d a ta , b u t the  im p le m e n ta tio n  o f  the  n e tw o rk  is m uch fas te r, more 

e ffic ien t and conven ien t fo r real t im e  ra in fa ll e s tim a tio n  to  be used w ith  W S R -88D .

A n o th e r im p o r ta n t  issue fo r  th e  a p p lic a t io n  o f  ra d a r ra in fa ll a lg o r ith m  ad­

dressed in  th is  d is s e rta tio n  is th e  d e te c tio n  o f  ra in /n o - ra in  c o n d it io n  on the  g round . 

A  R a d ia l Basis F u n c tio n  (R B F ) n e u ra l n e tw o rk  based schem e fo r  ra in /n o - ra in  de­

te rm in a tio n  on the  g ro u n d  us ing  ra d a r d a ta  is described  in  th is  research. V e rtica l 

re f le c t iv ity  p ro file s  o f  ra d a r obse rva tions  are used as in p u t va riab les  to  the  ra in /n o -  

ra in  d e te rm in a tio n . R a d a r d a ta  and  g round  ra ingage m easurem ents are used to  

t ra in  the  neu ra l n e tw o rk . T h is  ra in /n o - ra in  c lass ifie r is e va lua ted  using  the  radar 

d a ta  co llec ted  by the  W S R -88 D  ra d a r  over c e n tra l F lo r id a  fo r tw o  d iffe re n t years. 

R esu lts  in d ic a te  th a t  ra in /n o - ra in  c o n d it io n  on the  g ro u n d  can be in fe rre d  from  

the  p rocedu re  deve loped in  th is  p a p e r fa ir ly  accu ra te ly . I t  is show n th a t by using 

ra in /n o - ra in  c la s s ific a tio n  scheme (p r io r  to  ra d a r ra in fa ll e s tim a tio n ) the  accuracy 

o f  ra in fa ll a c c u m u la tio n  es tim a tes  can be im p ro ve d  g re a tly .

H o n g p in g  L iu
D e p a rtm e n t o f E le c tr ic a l and  C o m p u te r E ng ineering  
C o lo ra d o  S ta te  U n iv e rs ity  
F o rt C o llin s . C o lo ra d o  80523 
S um m e r. 2000
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C h a p ter  1

I N T R O D U C T IO N

1.1 G e n e ra l D e sc r ip t io n  o f  P r o b le m

P o la r im e tr ic  ra d a r is a usefu l rem o te  sensing to o l fo r th e  s tu d y  o f  s to rm  m ic ro - 

physics. T h e  p o la r im e tr ic  ra d a r m easurem ents are sens itive  to  the  types, shapes 

and  size d is tr ib u t io n s ,  as w e ll as fa l l behav io rs  o f  the  hyd ro in e teo rs  in  th e  ra d a r res­

o lu t io n  vo lum e. A s a re s u lt, ex tens ive  in fo rm a tio n  a b o u t th e  m ic rop h ys ics  o f  the  

hyd rom e teo rs  is co n ta in e d  in  the  m u lt ip a ra rn e te r  ra d a r m easurem ents. R e tr ie v ­

in g  the  m ic ro p h y s ic a l in fo rm a tio n  fro m  p o la r im e tr ic  ra d a r obse rva tio n  has been a 

to p ic  o f  a c tive  research. E ve n tu a lly , these in ic ro p h y s ic a l in ferences can  be u tiliz e d  

to  in it ia liz e  c lo u d /m cso sca le  n um erica l w ea the r p re d ic tio n  m odels.

In fo rm a tio n  re tr ie v a l fro m  p o la r im e tr ic  ra d a r d a ta  can be sum m a rize d  as 1) 

id e n tif ic a t io n  o f  hyd ro m e te o rs  (o r h yd rom e te o rs  c la s s ific a tio n ). 2) q u a n tita t iv e  es ti­

m a tio n  o f  p re c ip ita t in g  hyd rom eteo rs , and 3) forecast o f  the  h yd ro m e te o r e vo lu tio n . 

T h e  goal o f  th is  s tu d y  is to  deve lop techn iques to  c lassify  h yd ro m e te o r types and 

q u a n tify  p re c ip ita t in g  h yd rom e teo rs  based on p o la r im e tr ic  ra d a r m easurem ents. 

Some A r t i f ic ia l  In te llig e n t (A I )  m e thods  are proposed in  the  s tu d y  to  address the 

issues o f  h yd ro m e te o r ty p e  c la ss ifica tio n  and p re c ip ita t io n  q u a n tif ic a t io n . Fuzzy 

log ic  and neu ra l n e tw o rk  techn iques are the tw o  m a in  to o ls  used in  th e  research.

In  the  fo llo w in g  sections, some o f  the re le van t backg round  is rev iew ed  firs t, 

then  the  m o tiv a tio n  o f  e m p lo y in g  th e  fuzzy lo g ic  techn ique  to  c lass ify  h yd ro m e te o r
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types is p ro v ide d . S ubsequently , a re v ie w  o f  th e  present s ta te  o f  q u a n tita tiv e  es ti­

m a tio n  o f  p re c ip ita t in g  h yd rom eteo rs  is presented. F in a lly , th e  research ob jec tives  

and the  o u t lin e  o f  th e  d is s e rta tio n  is presented.

1.2 H y d r o m e te o r  T y p e  C la ss if ica t io n

H y d ro m e te o r typ e  c la ss ifica tio n  has a w id e  va rie ty  o f  a p p lica tio n s  such as 

in te rp re ta tio n  o f  p o la r im e tr ic  ra d a r d a ta , s tu d y  o f  p re c ip ita t io n  fo rm a tio n  and  life  

cycle, and  se lection  o f  the  r ig h t a lg o r ith m  fo r p re c ip ita t io n  e s tim a tio n .

1 .2 .1  B a ck g ro u n d

T h e  process o f  h yd ro m e te o r typ e  c la ss ifica tio n  from  re m o te ly  sensed ra d a r 

d a ta  canno t be o b ta in e d  as a s im p le  lo o k -u p -ta b le  because th e  radar s ig n a tu re  

fo r d iffe re n t hyd rom eteo rs  is n o t m u tu a lly  exc lus ive  and un iqu e . C u rre n t s ta te  

o f  the  a r t  invo lves use o f  several o f  the  p o la r im e tr ic  ra d a r d a ta  fields and some 

p r io r  know ledge to  a rr iv e  a t a dec is ion  on the  h yd rom e te o r ty p e . T h is  p rocedure  

is re lia b le , i f  it  is done by  e xpe rts , b u t is ve ry  in e ffic ie n t, and ca nn o t process large 

vo lum es o f  ra d a r d a ta  in  reasonable tim e . T h e re fo re  i t  is im p o r ta n t to  develop 

an a u to m a tic  c la ss ifica tio n  system . Some p o te n t ia l techn iques th a t can be used 

fo r a u to m a tic  h y d ro m e te o r c la ss ifica tio n  are a) decis ion tree m e tho d , b) classical 

s ta t is t ic a l decis ion  theo ry , c) n eu ra l n e tw o rk  techn iques, and d ) fuzzy  logic. A m o n g  

these, the  fuzzy  log ic  m e tho d  is perhaps the  best su ited  fo r th e  prob lem  a t hand 

as exp la in e d  in  the  n e x t section .

O ve r the  las t decade, w hen p o la r im e tr ic  ra d a r observa tions became m ore 

p reva len t, m any advances were m ade in  the  c o n te x t o f  h yd ro m e te o r id e n tif ic a tio n . 

Some o f  these advances are as fo llow s:

( i )  Cld.s.sificatiOTi ■u.sing d iffe re n tia l re flec tiv ity  (Z ^ r )

Since the  in tro d u c t io n  o f  Zar m easurem ent fo r  ra in fa ll e s tim a tio n  app lica tio ns , 

i t  has been used to  d is t in g u is h  betw een ra in  and  ice. as w e ll as to  id e n tify  o th e r
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3

ta rge ts . For exam ple. B r in g i et a l. (1984) u tiliz e d  the  d iffe re n tia l re f le c t iv ity  m ea­

surem ents to  de tect h a il, and showed th a t  re liab le  d if fe re n tia t io n  betw een regions 

o f  ha il and ra in fa ll is possib le  in  convective  storm s. H a ll et a l. (19S4) used d if ­

fe re n tia l re f le c tiv ity  and re f le c t iv ity  m easurem ents to  id e n t ify  va rious h yd rom e te o r 

types and g round  ta rge ts .

(ii) Classification using linear depolarization ratio

B r in g i et a l. (198C) s tu d ie d  the  p ro files  o f Zdr■ lin e a r d e p o la riz a tio n  ra t io  

(L D R ) and  re fle c tiv ity  a t h o r iz o n ta l p o la r iz a tio n  (Z /,) th ro u g h  the  core o f  con­

vective  s to rm s  and found  th a t  these th ree  m easurem ents are useful in  id e n tify in g  

g ra up e l reg ion . A t the  same tim e , th e y  found  th a t the  v e rtic a l s tru c tu re  o f Z</r 

(be low  the  m e ltin g  leve l). L D R  (above the  m e lt in g  leve l), and d ua l-freq u en cy  ra t io  

can p ro v id e  in fo rm a tio n  on the  s tru c tu re  and ve rtica l ex te n t o f  h a il s h a rft.. A  

fa ir ly  d e ta ile d  s tu d y  a b o u t the  v e rtic a l p ro files o f  Z/,. Zdr and d u a l w ave leng th  

ra t io  in  te rm s o f  the size, shape and fa ll behav io r o f  the  ha il-s tones were presented 

by A y d in  et a l. (1990).

(Hi) Classification using specific differential propagation phase (I\dp) an(i copolar 

correlation coefficient (piLV)

Z rn ic  et a l. (1993) exam ined  the  specific  d iffe re n tia l phase, th e  backseat te r  

d iffe re n tia l phase (£). phv, and Zdr observed over a severe h a ils to rm  and  dem on­

s tra te d  th a t these th ree  m easurem ents can be used to  de tec t h a il, as w e ll as to  

id e n t ify  and q u a n tify  m ixed-phase  hydrom eteors .

(tv) Classification using difference reflectivity (Zdp)

Tong e t a l. (1998) used the  d iffe rence  re f le c tiv ity  to  e s tim a te  the  fra c tio n  o f  

ra in  and ice in m ixed phase p re c ip ita t io n . Zdp is the  d iffe rence re f le c t iv ity  w h ich  

can bo es tim a ted  fro m  Z /t and Zdr-

( v) Empirical algorithm f o r  classifying hydrometeor types
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B u ild in g  on th e  re su lts  o f  h y d ro m e te o r c la ss ifica tion  in  th e  e x is tin g  lite ra tu re . 

S traka  and  Z rn ic (1 9 9 3 ). and  H o lle r(1 9 9 4 ) described  c la ss ifica tio n  schemes to  d is ­

c r im in a te  the d iffe re n t h yd ro in e te o rs . T h e y  b o th  used th e  dec is ion  tre e  m e tho d , 

in  w h ich  predefined b o u n d a rie s  were used to  de fine  the  d ec is ion  reg ion .

T h us  the  p o la r im e tr ic  ra d a r s igna tu res  o f  p re c ip ita t io n  have shown th e  p o te n ­

t ia l fo r h yd rom e te o r c la s s if ic a tio n  and  have set the  fo u n d a tio n  fo r  the deve lopm en t 

o f  a u to m a tic  c la ss ifica tio n  p rocedures, us ing  advanced techn iques such as neura l 

n e tw o rk  and  fuzzy log ic .

1 .2 .2  M o tiv a tio n  for u s in g  fu zz y  lo g ic  m e th o d

T h ere  are several m e th o d s  th a t  p o te n t ia lly  can be used fo r  h y d ro m e te o r id e n ti­

f ica tio n . such as dec is ion  trees, c lass ica l s ta t is t ic a l decision th e o ry , neu ra l ne tw orks  

and fuzzy  logic. F uzzy lo g ic  is used in  th is  s tu d y  fo r c la ss ifica tio n  because i t  has 

m any inheren t advantages over o th e r  m e thods. M a n y  p o la r im e tr ic  ra d a r m easure­

m ents lie  in  a l im ite d  m easurem ent space fo r each h y d ro m e te o r type . A  decis ion  

tree m e tho d  e ssen tia lly  is based on th resho lds  and  boolean lo g ic . The  d ec is ion  tree  

met hod is inadequa te  fo r  th e  h y d ro m e te o r c la ss ifica tion  p ro b le m  because the  mea­

surem ent sets fo r d if fe re n t h vd ro m e te o rs  arc  n o t m u tu a lly  exc lus ive . I t  a lso does 

no t p ro v ide  a llow ance fo r  m easurem ent e rro rs . T h e  fuzzy lo g ic  sys tem  possesses the  

a b il i ty  to  reach d is t in c t  dec is ions based on o ve rla p p in g  and "no ise  c o n ta m in a te d " 

da ta .

S ta t is t ic a l dec is ion  th e o ry  is a n o th e r p o te n tia l techn ique  th a t  can be  consid ­

ered fo r the  h yd ro m e te o r c la s s ific a tio n  p rob lem . However, s ta t is t ic a l m ode ls  are 

d if f ic u lt  to  co n s tru c t. F o r e xam p le , the  s ta t is t ic a l m odel fo r  th e  ra in  id e n tif ic a t io n  

can be expressed as fo llo w s .

P(C' = Ra in \Z h. Z dr. I \ dp. L D R . p u v ) =

f { Z h. Z dr. A'dp). L D R . p hv\C  =  Rain)  x  p(C' = R a in )  
f { Z h - Z dr. I \ dp. L D R .  phv)
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whore.

C is the  h y d ro n ie te o r type :

P ( C  = Rain)  is th e  p r io r  p ro b a b il i ty  o f  class ra in :

/ ( Z / , .  Z,lr. K,lp. L D R .  phv) is the  jo in t  p ro b a b il i ty  d e n s ity  o f  th e  five p o la r im e t­

r ic  ra d a r param eters:

f {Zh-  Z dr. Kfip. L D R .  phv\C  =  Rnin)  is the  jo in t  p ro b a b ility  d e n s ity  fu n c tio n  

o f  the  five p o la r im e tr ic  ra d a r  pa ram e te rs  u n d e r the  c o n d it io n  o f  R a in .

It is ve ry  d if f ic u lt  to  o b ta in  the  p r io r  p ro b a b il i ty  and  the  p ro b a b il i ty  dens ity  func­

tio n s . However, fuzzy lo g ic  uses s im p le  ru les  to  describe  the  system  o f in te rest 

ra th e r th a n  a n a ly t ic a l e q u a tio n s , th u s  i t  is easy to  im p le m e n t fo r  hyd rom eteor 

c la ss ifica tion . Based on  th e  above reasons as w e ll as o th e r  advantages, such its 

robustness and speed, fu z z y  log ic  m e th o d  is the  best choice fo r h yd rom e te o r clas­

s if ic a tio n .

1 .2 .3  A d v a n ta g es  o f  n e u r o -fu z z y  c la ss if ic a tio n  s y s te m

In  th is  s tudy , a n e u ro -fu zzy  sys tem  ins tead  o f  a pu re  fuzzy  lo g ic  system  is also 

im p le m e n te d  fo r h y d ro m e te o r c la ss ifica tio n  p ro b le m . T h is  is because the  com bined 

usag(v o f  neura l n e tw o rk  a n d  fuzzy  lo g ic  enables the  sys tem  to  lea rn  and im prove  

its  perfo rm ance  based on  pas t d a ta . T h e re fo re , the  n eu ro -fu zzy  system  w ith  the 

le a rn in g  c a p a b ility  o f  a n e u ra l n e tw o rk  and  w ith  the  advan tage  o f  the  rule-based 

fuzzy  system  can im p ro ve  th e  c lass ifie r's  p e rfo rm an ce  im m en se ly  and  provides a 

m echan ism  to  in c o rp o ra te  pas t obse rva tions  in to  the  c la ss ific a tio n  process. U n like  

the  neura l n e tw o rk  schem e w here the  t ra in in g  essen tia lly  b u ild s  th e  system , in  a 

neu ro -fuzzy  scheme, the  sys tem  is b u i l t  by fuzzy  log ic  d e fin it io n s  and  then i t  is 

re fined  using "n e u ra l n e tw o rk  T y p e  T ra in in g ."  T h e re fo re , ex tens ive  tra in in g  from  

the' beg in n ing  is in a p p ro p r ia te  fo r th is  sys tem . F u tu re  in -s itu  d a ta  co lle c tion  w il l 

have a ro le  to  p la y  in  o n ly  re f in in g  the  sys tem .
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1.3 Q u a n tita t iv e  E st im a tio n  o f  P r e c ip ita t io n

One* o f  the* m ost im p o r ta n t a p p lic a tio n s  o f  w e a th e r ra d a r is the  q u a n tita t iv e  

e s tim a tio n  o f  p re c ip ita tio n . T h e  m a in  advantage  o f  us ing  ra d a r m easurem ents fo r 

p re c ip ita t io n  e s tim a tio n  is th a t ra d a rs  can o b ta in  m easurem ents over large areas 

(a b ou t 10.000 krrr)  w ith  fa ir ly  h ig h  te m p o ra l and  s p a tia l re so lu tion . D eve lopm ent 

o f  a lg o r ith m s  fo r rem ote  e s tim a tio n  o f  p re c ip ita t io n  based on ra d a r m easurem ents 

has been an ac tive  research to p ic  fo r  m any years. G enera lly , the re  are tw o  c a t­

egories o f  p re c ip ita t io n : frozen p re c ip ita t io n  (a lso ca lle d  so lid  p re c ip ita t io n )  and  

liq u id  p re c ip ita t io n . T he  p re c ip ita t io n  also m ay ex is t as a m ixe d  phase o f  these 

tw o. B as ica lly , p re c ip ita tio n  e s tim a tio n  inc ludes liq u id  w a te r con ten t, ice w a te r 

co n te n t, ra in fa ll ra te , snow fa ll ra te  and  h a il- fa ll ra te . etc. T h e  scope o f  q u a n ti­

ta t iv e  e s tim a tio n  o f  p re c ip ita tio n  in  th is  research is to  in ves tiga te  a p ra c tica l and  

accura te  p re c ip ita tio n  e s tim a tio n  a lg o r ith m .

1 .3 .1  B a ck g ro u n d

T h e  p ro b le m  o f  ra in fa ll e s tim a tio n  on the  g ro u n d  based on ra d a r m easurem ents 

is co m p lica te d  due to  the  space -tim e  v a r ia b i l i ty  o f  th e  ra in fa ll fie ld . M a rsh a ll and 

P a lm e r (1948) found  the re la tio n s h ip  between ra in  ra te  and  D ro p  Size D is tr ib u t io n  

(D S D ) and de rived  a s im p le  ra in fa ll es im ate  fro m  ra d a r re f le c tiv ity  Z (M a rs h a ll. 

1948). A f te r  th a t.  Seliga and B r in g i (1976) suggested us ing  d iffe re n tia l re f le c tiv ity  

to  im p ro ve  ra in fa ll estim ates. C o m b in a tio n  o f  spec ific  d iffe re n tia l phase and d if fe r­

e n tia l re f le c t iv ity  cou ld  be used to  o b ta in  ra in fa ll e s tim a te s  independent o f  abso lu te  

c a lib ra t io n  (Seliga and B r in g i. 197G). H u m p h rie s  (1974) showed th a t d iffe re n tia l 

phase I \ dp is a lm ost lin e a r ly  re la te d  to  ra in  ra te  R  a nd  th a t i t  is not sensitive  

to  the  D S D . Saehidanada and Z rn ic  (198G) o b ta in e d  a R ( /v rfp) w h ich  is m uch less 

sensitive  to  the  D S D . A ll  the  proposed a lg o rith m s  are based on the  th ree  ra d a r mea­

surem ents Z h. Z dr and K dp w h ich  a re  co rre la ted  to  th e  cha rac te ris tics  o f  the ra in
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m e d ium . A l l  these a lg o rith m s  can be ca tego rized  as p a ra m e tr ic  a lg o rith m s . T h e  

d e ta ils  a b o u t these a lg o rith m s  can be fo u n d  in  B r in g i and C handrasekar (2000 ).

A p a rt fro m  p o la r im e tr ic  a lg o rith m s , s ta t is t ic a l/e n g in e e r in g  so lu tions  have also 

been used fo r ra in fa ll estim ates. Z a w a dzk i (1984) proposed to  derive  ra in fa ll a l­

g o r ith m  us ing  p ro b a b lity  m a tch ing  techn iques. P ro b a b il i ty  m a tch ing  m e th o d  is a 

s ta t is t ic a l p rocedu re  to  derive  the  average re la t io n  between radar m easurem ent and  

g ro u n d  ra in fa ll ra te . T h is  m e thod  in tro d u c e d  by C a lh e iro s  and Zaw adzki (1987) 

and essen tia lly  eva lua ted  by Rosenfeld e t a l () m atches th e  cu m u la tive  d is t r ib u t io n  

fu n c tio n  o f  R  and Z  y ie ld in g  a Z  — R  re la t io n s h ip .

M any fac to rs  cause bias in  ra d a r ra in fa ll e s tim a tio n  such as v a ria tio n  in  d ro p  

size d is tr ib u t io n ,  ra d a r c a lib ra tio n  e rro r, p ro p a g a tio n  a tte n u a tio n , and some o th e r  

m easurem ent e rro r caused by g round  c lu t te r ,  a nom a lous  p ro paga tion , beam  b lo c k ­

age and presence o f  h a il. etc.. A  ro b us t and  accura te  a lg o r ith m  is desired  fo r  

p ra c tic a l a p p lic a t io n  o f  radar ra in fa ll e s tim a tio n . N e u ra l ne tw ork  based ra in fa l l  

a lg o r ith m  offers im m ense p o te n tia l to  progress tow a rds  th e  goal.

1 .3 .2  n eu ra l n e tw o rk  ap p roach  for P r e c ip ita t io n  E stim a tio n

R a in fa ll ra tes ob ta in ed  on the  g ro u n d  can be p o te n t ia lly  dependent on  the  

fo u r d im ens iona l s tru c tu re  o f p re c ip ita t io n  a lo ft  (3 s p a tia l d im ensions and t im e ) . 

In  p r in c ip le , one can o b ta in  a fu n c tio n a l a p p ro x im a tio n  between the  ra in fa ll on 

the  g ro un d  and the  4 -D  radar obse rva tions  a lo ft .  T h is  fu n c tio n  w il l  be m uch 

m ore  c o m p lica te d  th a n  a s im p le  Z -R  a lg o r ith m  o r  a p o la r im e tr ic  ra d a r ra in fa ll  

a lg o r ith m . T he re fo re  the  g round ra in fa ll e s tim a tio n  can be viewed as a co m p le x  

fu n c tio n  a p p ro x im a tio n  p rob lem . N e u ra l n e tw o rks  are w e ll su ited  fo r co m p le x  

fu n c tio n  a p p ro x im a tio n , and the th e o re tic a l basis is p rov ided  by the  U n ive rsa l 

F u n c tio n  A p p ro x im a tio n  theorem  (F u m a h ash i. 1989). Recent research has show n 

th a t neura l n e tw o rk  techniques can be used successfu lly  fo r g round ra in fa ll e s ti­

m a tio n  from  radars (X ia o  and C handrasekar. 1997). T h is  technique inc ludes tw o
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stages, a t ra in in g  stage and  an a p p lic a tio n  stage. In  the  t ra in in g  stage, the  n e u ra l 

n e tw o rk  learns the  p o te n tia l re la tio n s h ip  betw een ra in fa ll ra te  and the  ra d a r m e a ­

su rem ents  fro m  a t ra in in g  d a ta  set. W hen  a ra d a r m easurem ent ve c to r (severa l 

ra d a r m easurem ents as com ponen ts ) is a p p lie d  to  the  n eu ra l n e tw o rk , the  n e tw o rk  

y ie ld s  a ra in fa ll ra te  e s tim a te  as o u tp u t. T h is  o u tp u t is com pared  aga ins t the  

ra ingage  m easurem ent and  th e ir  d iffe rence o r th e  e rro r is p ro pa g a te d  back t o  ad­

ju s t  the  p a ram e te rs  o f  th e  n e tw o rk . T h is  le a rn in g  process is co n tin u e d  u n t i l  the  

n e tw o rk  converges. O nce the  t ra in in g  process is fin ished , a re la tio n s h ip  be tw een  

ra in fa ll ra te  and  ra d a r m easurem ents is es tab lished  and th e  n e tw o rk  is re a d y  fo r 

o p e ra tio n . S ubsequently , a ra d a r m easurem ent ve c to r is a p p lie d  to  the  n e tw o rk , 

and  i t  y ie ld s  a ra in fa ll ra te  e s tim a te .

N eu ra l ne tw o rks  have m any advantages in  th e  c o n te x t o f  ra in fa ll e s t im a tio n  

fro m  ra d a r m easurem ents. T h e  re la tio n s h ip  between ra d a r m easurem ents and 

ra in fa ll ra te  on th e  g ro u n d  is de rived  d ire c t ly  fro m  a t ra in in g  d a ta  set. and  th e re fo re  

i t  is n o t in fluenced  by the  ra d a r system  e rro rs . T h e  neu ra l n e tw o rk  can be tu n e d  

ve ry  w e ll fo r one spec ific  s to rm  o r several s to rm s . O nce th e  n eu ra l n e tw o rk  is 

tra in e d , i t  represents a re la tio n s h ip  between ra d a r m easurem ents and ra in fa ll ra te . 

I f  th e  t ra in in g  d a ta  set is large enough and  re p re sen ta tive  enough, the  n e u ra l 

n e tw o rk  can p e rfo rm  ve ry  w e ll.

1 .3 .3  A d a p t iv e  n eu ra l n e tw o rk  S ch em e  for P r e c ip ita t io n  E s t im a t io n

T h e re  is a com m on  l im ita t io n  w ith  respect to  the  tra d e -o ff  between g e n e ra l­

iz a t io n  a n ti a ccu racy  o f  neu ra l n e tw o rk  based ra in fa ll e s tim a tio n . F o r e x a m p le , a 

n eu ra l n e tw o rk  based ra in fa ll e s tim a te , co n s tru c te d  such th a t  i t  w o rks  fo r s u m m e r 

s to rm s  as w e ll as w in te r  ra in fa ll m ay  not be ve ry  accura te  fo r  one s ing le  season. 

T h e re fo re , d e ve lo p in g  a fle x ib le  ne tw o rk  ins tead  o f  a fixed  n e tw o rk  fo r ra in  fa ll 

e s tim a tio n  is b e tte r. A  neu ra l n e tw o rk  can lea rn  its  s tru c tu re  and  pa ram ete rs  a u -  

to m a t ic a jlv  fro m  tra in in g  d a ta . O ne way to  so lve the  p ro b le m  is to  co lle c t new d a ta
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and  re - t ra in  tin* neura l n e tw o rk  a ll over aga in  fro m  the  beg in n ing . However, the  

t ra in in g  process is very ted ious and tim e -co n su m in g , and to  re -s ta rt the t ra in in g  

a ll over is no t a practic al s o lu tio n . O u r  goa l o f  the  s tu d y  is to  deve lop an a d a p tive  

neu ra l n e tw o rk , w h ich  can c o n tin u o u s ly  u p d a te  the  s tru c tu re  by in c o rp o ra tin g  the 

la tes t in fo rm a tio n  in to  an e x is tin g  neu ra l n e tw o rk  w ith o u t h av ing  to  re -tra in  from  

the  b e g in n in g . There fo re , the  n e tw o rk  w il l  have the  "d y n a m ic "  ch a rac te ris tic , and 

i t  can fin e -tu n e  the  fu n c tio n a l m a p p in g  over tim e .

In  th is  d isse rta tio n , an a d a p tive  n eu ra l n e tw o rk  scheme has been developed 

th a t can be fine -tuned  con tin u ou s ly . F o r th is  purpose. R a d ia l Basis F u nc tio n  

(R B F )  n eu ra l ne tw o rk  is chosen because its  a rc h ite c tu re  is w e ll su ite d  fo r a d a p tive  

m o d if ic a t io n .

1.4  O b je c t iv e s  o f  th e  R esea rch

In  th is  research, a fuzzy  log ic  scheme is proposed and developed to  address 

the  p ro b le m  o f  "h yd ro m e te o r typ e  c la s s if ic a tio n ."  O nce the  fuzzy log ic c lass ifie r 

has in c o rp o ra te d  the  e x is tin g  e xp e rt know ledge  a b o u t the  p o la r im e tr ic  s ignatu res 

o f  the  d iffe re n t hydro ine teo rs. i t  can m ake fas t and fa ir ly  reasonable decision on 

the  h y d ro m e te o r types acco rd ing  to  the  in p u ts  o f  several p o la r im e tr ic  d a ta  fie lds. 

In  a d d it io n , a m ore advanced system  ca lle d  a neu ro -fuzzy  c lass ifie r is proposed to  

im p ro ve  the  perfo rm ance o f  the  fuzzy  log ic  c lass ifie r. T h e  neuro -fuzzy c lass ifie r 

com bines neu ra l ne tw ork  techn iques and  fuzzy  log ic  fun c tio ns . I t  is a fuzzy log ic 

system  in  the  sense o f s tru c tu re  and  in fe rence , w here the  neu ra l ne tw o rk  lea rn ing  

a lg o r ith m  is em bedded in  the  a u to m a tic  a d ju s tm e n t o f  the  pa ram ete rs  o f the  fuzzy 

log ic  s tru c tu re . T h is  a rch ite c tu re  enables th e  system  to  have the  c a p a b ility  o f 

le a rn in g  fro m  the  d a ta  and to  a d ju s t its  p a ram e te rs  in  the  fu z z ific a tio n  blocks.

S ubsequently , "q u a n tita tiv e  e s tim a tio n  o f  p re c ip ita t in g  hydrom eteors ." is ad­

dressed by using  neura l n e tw o rk  techn iques. Based on the  fra m e w o rk  developed
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by X ia o  and C handrasekar (X ia o . 1997). the  issues invo lved  w ith  neura l n e tw o rk  

ra d a r ra in fa ll e s tim a tio n  are in ve s tiga ted  fu rth e r. T h e  focus o f  the  research is to  

deve lop an adap tive  neu ra l n e tw o rk  scheme fo r ra d a r ra in fa ll e s tim a tio n .

1.5 O rg a n iza tio n  o f  th e  D is se r ta t io n

F o llo w in g  the in tro d u c t io n  in  C h a p te r 1. the o rg a n iza tio n  o f  th is  d isse rta tio n  

is as fo llow s:

•  C h a p te r 2 in troduces  the  tw o  m a in  radar system s used in  th is  research, 

nam e ly  C S C -C H IL L  and W S R -8 8 D (also ca lled  X E X R A D ) .  C h a p te r 2 also 

reviews the fun dam en ta ls  o f  n eu ra l networks and  the a p p lic a tio n  o f  neu ra l 

ne tw orks in  fu n c tio n  a p p ro x im a tio n . The hist section  o f  th is  ch ap te r rev iew s 

the  background o f  fuzzy  sets a nd  fuzzy  log ic re levan t to  th is  research.

•  C h a p te r 3 describes th e  deve lopm en t o f  a fuzzy log ic  system  fo r h yd rom e te o r 

c lass ifica tion . Subsequently , a neu ro -fuzzy  system  fo r h yd ro m e te o r c la ss ifi­

ca tio n  and its  le a rn in g  a lg o r ith m  are presented. The  m a in  purpose o f  the  

neu ro -fuzzy  system  is to  a d ju s t th e  param eters o f  the  fuzzy log ic  c lass ifie r by. 

in c o rp o ra tin g  the n eu ra l n e tw o rk  le a rn ing  c a p a b ility , so th a t i t  can a d ju s t its  

m em bersh ip  fu n c tio n  a cco rd ing  to  in -s itu  v e rif ic a tio n  in fo rm a tio n .

•  C h a p te r 4 presents th e  in -s itu  v e rif ic a tio n  o f  the  h yd ro m e te o r c lass ifica tion  

techn ique  developed in  th is  d isse rta tio n .

•  C h a p te r 5 in troduces a c la ss ifica tio n  scheme fo r ra in /n o - ra in  c o n d it io n  on  the  

g round  based on th e  v e rtic a l re f le c t iv ity  p ro files  o f  the ra d a r observa tions. 

T h is  ra in /n o -ra in  c la ss ifie r is eva lua ted  using the  ra d a r d a ta  co llec ted  by 

W S R -8 8 D radar over ce n tra l F lo r id a  fo r tw o  d iffe re n t years. The im p a c t 

o f  us ing  th is  c la ss ifica tion  scheme p r io r  to  a p p ly in g  any ra in fa ll e s tim a tio n  

a lg o r ith m  is also eva lua ted  in  th is  chapter.
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•  C h a p te r G discusses several im p o r ta n t  issues fo r successfu l a p p lic a tio n  o f  

neura l ne tw o rks  fo r  ra in fa ll e s tim a tio n . A n  a d a p tiv e  neu ra l ne tw o rk  scheme 

fo r ra d a r ra in fa ll e s tim a tio n  is a lso described .

•  C h a p te r 7 presents th e  a p p lic a tio n s  o f  the  a d a p tiv e  R R X  (R a d a r R a in fa ll 

neura l n e tw o rk ) to  severa l case s tud ies.

•  C h a p te r 8  sum m arizes  the  im p o r ta n t resu lts  o f  th is  d is s e rta tio n  and prov ides 

suggestions fo r fu tu re  research.
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Chapter 2

T H E O R Y  A N D  B A C K G R O U N D  

2.1  C S U -C H IL L  a n d  W S R -8 8 D  radars

T h e  tw o m a in  rada rs  w h ich  co lle c te d  the  d a ta  fo r  th e  research described in  th is  

d isse rta tio n  are the  C S U -C H IL L  and  the  YVSR-8 8 D  ra d a r system s. The purpose 

o f  th is  chap te r is n o t to  describe  th e  tw o  radars in  d e ta il.  I t  ju s t  focuses on  the  

in tro d u c tio n  o f  th e  s ig n a l flow , so as to  u n d e rs tan d  system  e rro r  and  da ta  q u a lity . 

T h e  q u a lity  o f  d a ta  p lays  an im p o r ta n t  ro le  in  the  d e te rm in a tio n  o f  the accuracy o f 

ra in fa ll e s tim a tio n  and  in  th e  e x p la n a tio n  o f  the  h y d ro m e te o r c la ss ifica tion  resu lts .

2 .1 .1  G en era l D e sc r ip t io n  o f  C S U -C H IL L  rad ar

T h e  C S U -C H IL L  ra d a r is an S -band  d u a l-p o la r iz a tio n  pu Ised -D opp le r radar, 

w h ich  is c u rre n tly  lo ca te d  a t G reeley. C o lo rado , a n d  is ope ra ted  b y  C o lo rado  S ta te  

L 'n ive rs ity . In  th is  p u Ise d -D o p p le r ra d a r, a pulse m o d u la to r  is used to  a lte rn a te ly  

sw itch  on and o ff  a h ig h  pow er a m p lif ie r  to  genera te  a t ra in  o f  pulses a t m icrow ave 

frequencies. T h e  pulses o f  e le tro m a g n e tic  energy are then  tra n s m itte d  v ia  the  

an tenna  in  a n a rro w  beam  in  space. A s the  R F  pulses im p in g e  on ob jec ts  in  

space, the  in c id en t energy co n ta in e d  in  t i ie  pulse is sca tte red  in  m any d irec tions . 

T h a t p o rtio n  o f the  sca tte re d  fie ld  w h ich  is in c id e n t on the  ra d a r antenna d u r in g  

the  receive t im e  (governed  by th e  tra n s rn it- rc c e iv e (T /R )  s w itc h ) co ns titu tes  the  

received signal and  is a p p lie d  to  th e  rece iver fo r frequency  dow n-convers ion  and 

subsequently  to  the  s ig n a l and  d a ta  processors fo r d isp lay .
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The* C S U -C H IL L  ra d a r is a d u a l-p o la r iz a tio u  ra d a r h a v in g  tw o  tra n s m itte rs  

and tw o  receivers. T h is  c o n fig u ra tio n  p e rm its  the  m easurem ent o f  the  p o la r im e tr ic  

covariance m a tr ix  in  the  h o r iz o n ta l/v e r t ic a l p o la r iz a tio n  basis. I ts  an tenna  has very 

good m atched  beams between h o r iz o n ta l (H ) and v e rtic a l (V )  p o la r iz a t io n  states, 

and i t  also has ve ry  good is o la tio n  between H and  V  channels. T h e  tw o  id e n tica l 

tra n s m itte rs  d r iv e  the  an tenna 's  H and  V  ports , and n ea rly  id e n tic a l tw o  receivers 

hand le  the  co -p o la rized  and cross-po la rized  s igna l re tu rns . T h e  received signals 

are processed in  real t im e , and are presented on an in te ra c tiv e ly  co n tro lle d  co lo r 

d isp lay.

2 .1 .1 .1  T h e  s ig n a l/d a ta  flow  in  C S U -C H IL L  radar

( I )  Transmit  path

T h e  tra n s m it te rs  generate, a m p lify , and m o d u la te  an R F  s igna l and feed it  

to  the  an tenna  th ro u g h  H / Y  p o la r iz a tio n  channels. O ne o f  the  com ponent o f 

the  t ra n s m it te r  is a s tab le  lo ca l o s c illa to r  (S T A L O ). w h ich  is a c ry s ta l co n tro lle d  

device fo r g e n e ra tin g  a s inuso ida l s igna l w ith  frequency o f  2.785 G H z . T h is  s igna l 

is then  m ixed  w ith  an in te rm e d ia te  frequency (60 M H z) s igna l ( IF )  fro m  a coherent 

o s c illa to r  (C O H O ). A f te r  th a t,  the  s ig n a l is sent to  tw o  stage a m p lif ie rs , the  firs t 

one is a 30 d B  in te rm e d ia te  a m p lif ie r  ( IP A ) and the  second stage is a 55 d B  h igh  

pow er K ly s tro n  t ra n s m it te r  a m p lif ie r  (Y A 8 7 B ). T h is  a m p lif ie d  R F  s igna l w il l  be 

fed to  the  an tenna  th ro u g h  a w aveguide. The  an tenna  used in  th is  ra d a r system  is a 

p a ra b o lic  d ish  w ith  8.5 m d ia m e te r. T h e  antenna can concen tra te  th e  tra n s m it t in g  

pow er to  a c e rta in  d ire c tio n , so th a t th e  tra n s m itte d  e le tro m a g n e tic  wave can p in ­

p o in t to  a spec ific  d ire c tio n . T h e  s igna l flow  in  the  fo rw a rd  p a th  is shown in  

figure' 2 . 1  as fo rm  o f  b lock  d ia g ra m .

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



14

2.725 GH/ [PA  P A -V A 87 B
Antenna

S T A L O
M ixer

Waveguide *4

30 dB SO dB

C O H O  | 60 MHz

Figure ' 2.1: T h e  t ra n s m it t in g  s ig n a l flow  p a th  o f  C S U -C H IL L  R a d a r
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Signal Processor
Radar M easurements: Zh. Zdr. ... etc.
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Stable Lt>cai O scillator t ST A L O )

F ig u re  2.2: T he  rece iv ing  s igna l f lo w  p a th  o f  C SL’ -C H IL L  R a d a r

(2) Siynal flo w in the receive path

O nce the  tra n s m itte d  e le c tro m a g n e tic  wave h its  hyd rom e te rs , a s m a ll p o r tio n  

o f it  gets backsca ttered  and trave ls  back to  rada r. T h e  rece iver can d e te c t, am ­

p lify . f i l te r ,  d e m o d u la te  the s igna l, and  th e n  send the  s ig n a l to  a s igna l processor 

to  ca lcu la te  the  p o la r im e tr ic  ra d a r pa ram ete rs . F ig u re  2.2 shows the  d ia g ra m  o f 

the  s igna l flow  d u r in g  th is  process. T h e  re tu rn  s igna l fro m  a sing le  re s o lu tio n  vo l­

um e consists o f the  c o n tr ib u tio n s  fro m  each o f  th e  sca tte re rs  w ith in  the  re so lu tio n  

vo lum e. T h e  n u m b e r o f  sca tte rs  w ith in  th e  re so lu tio n  ce ll is dependent on the 

c o n c e n tra tio n  as w e ll as re so lu tio n  ce ll vo lum e.

T h e  received s ignals are f irs t  a m p lif ie d  by a 30 d B  low  noise a m p lif ie r (L X A ) .  

T h e  o u tp u t o f  the  L X A  is f ilte re d  by a band-pass f ilte r . T h is  s igna l then  is m ixed
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w ith  S T A L O  and th e  resu lt an in te rm e d ia te  frequency s ig n a l is a t 60 M H z . F rom  

th is  p o in t, the  s igna ls  are sepa ra ted  in to  tw o  paths. T h e  firs t one is sent in to  

the  log  rece iver and  d ig it iz e d  by  th e  s ig n a l processor to  set the  ga in  o f  th e  lin e a r 

channe l on a g a te -b y -g a to . T h e  o th e r  one is delayed by a p p ro x im a te ly  350 ns to  

a llo w  the  step a tte n u a to rs  to  be set fo r each gate based on the sam p le  fro m  th e  

log rece iver. T he  lin e a r  s igna l passes th ro u g h  a 700 kHz b a n d w id th  m a tch e d  f ilte r .  

These procedures p reven t s a tu ra t io n  o f  th e  n e x t IF  stages and  a llow  fo r  a ro un d  90 

d B  d y n a m ic  range in  the  lin e a r rece ivers. A f te r  the  signals are a m p lif ie d  by a ro un d  

55 <1B. i t  is sent in to  q u a d ra tu re  d e te c to rs  to  p ro v ide  in -p h a se (I) and q u a d ra tu re (Q ) 

base-band v ideo s ig n a l fo r each channe l. These I and Q s igna ls  a long  w ith  the  log  

rece iver s igna l are  a p p lie d  to  a s ig n a l p rocessor fo r c o m p u tin g  the  p o la r im e tr ic  

ra d a r param eters.

2 .1 .1 .2  S y s te m  C h a r a c te r is t ic s  o f  th e  C S U -C H IL L  radar

T h e  b lock  d ia g ra m  o f the  C S U -C H IL L  ra d a r is shown in  F igure  2 . 1 . 1 .2. T h e  

im p o r ta n t  ch a ra c te ris tic s  o f  the  C S U -C H IL L  ra d a r re levant to  th is  s tu d y  are g iven 

in  ta b le  2 . 1 .

2 .1 .1 .3  P o la r im e tr ic  M e a su r e m e n ts  o f  th e  C S U -C H IL L  rad ar

T h e  C S U -C H IL L  ra d a r can p ro v id e  a com p le te  set o f  p o la r iz a tio n  m easure­

m ents. T h e  a va ila b le  ra d a r p a ram e te rs  in c lu d e  received pow er (d B m ), re f le c t iv ity  

(d B Z ). d iffe re n tia l re f le c t iv ity  { Z d r )- n o rm a lize d  coherent pow er (X C P ) .  d iffe re n ­

t ia l p ro p a g a tio n  phased (o DP). ra d ia l v e lo c ity  (pulse p a ir  m e tho d ), ze ro  la g  H V  

c o rre la tio n  (pa\  (Q) ) .  spec tra l w id th  (second lag  m e th o d ), lin e a r d e p o la r iz a tio n

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



16

O ’

F ig u re  2.3: T h e  B lo ck  D ia g ra m  o f C S U -C H IL L  R a d a r
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Table* 2.1: C S U -C H IL L  R adar C h a ra c te r is tic s

A n te n n a
T yp e
Size
Feed
H a lf  pow er beam  w id th  
G a in  (d ire c t iv ity )
S ide lobe level 
C 'ross-pol. level 

f P o la r iz a tio n  ra d ia te d  
Scan type

fu l ly  steerab le  . p r im e  focus p a ra b o lic  re flec to r 
8.5 m 
sca lar horn 
1 .0 °
45 d B  
>  -27  d B  
<  -35 d B
H o riz o n ta l o r V e rtic a l 
P P I . R H I . sector scan

T ra n sm itter
T yp e
W ave leng th  
Peak Power 
Pulse W id th  
P R T
M ax. unam b igu .range  
M ax . una m b ig u . vel.

k ly s tro n  . m odern ized  FP S -18  
10.7 cm
700 ~  1000 K W
0 . 1  ~  1 . 0  /z.s in  steps o f  0 . 1  pa
800 ~  2500 /z.s-
375 K m
±  34.4 m s " 1

R e ce iv e r
Noise figure  
T rans fe r fu n c tio n  
D yn a m ic  range 
M in . de tec tab le  s igna l

~  4.3 d B  
lin e a r 
>  85 d B
-114 d B m  (S N R  =  0 d B  )

D a ta  A c q u is it io n
S igna l processor 
N u m b e r o f  range gates (b in s ) 
Range gate  (b in )  spac ing  
sa m p lin g  ra te /a v g . o p t.
V ideo  d ig it iz e r  
T im e  series c a p a b ility

SP20 m ade by Lassen Research 
va ria b le  04 - 2048 
0 . 2  fi.s o r  1 . 0  p.s 
under m icro-code c o n tro l
1 2 -b it . in  the  SP20 in p u t  ca rd  fo r I. Q  and log  P 
up to  150 gates w ith  co n tin u o u s  reco rd ing  .

V ariab les A v a ila b le
R e fle c tiv ity  a t H and V  p o la riza tio n s  .
M ean D o p p le r V e lo c ity  ( r )  and S pec tra l W id th  (at,) 
D iffe re n tia l Phase between H and V  s ta tes (Ojp) 
C o p o la r C o rre la tio n  C oe ffic ien t (pnv{0))
D o p p le r S pectra  fro m  F F T  processing 
I . Q  and log P fo r every pulse in  tim e  series mode
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ra t io  ( L D R ) .  unprocessed c o m p le x  vo ltag e  ( I .  Q ). co m p lex  co rre la tio n s  ( R H Y l .  

e tc .).

A. Di'Jinition of  the radar parameter*

T h e  fo llo w in g  five ra d a r p a ram e te rs  p la y  an im p o r ta n t ro le  in  the  research o f  

h y d ro m e te r c la ss ifica tio n  a nd  ra in fa ll e s tim a tio n .

(1) R e fle c tiv ity  fa c to r  a t h o r iz o n ta l p o la r iz a t io n  is g iven by

covariance  m a tr ix ,  w h ich  is p ro p o r t io n a l to  th e  pow er rece ived a t H -p o r t  when 

t ra n s m it t in g  wave is h o r iz o n ta lly  p o la rize d : K w =  er is d ie le c tr ic  co n s ta n t.

F rom  th is  d e fin it io n , we can co nc lud e  th a t Z/t is p ro p o r t io n a l to  the  received pow er 

at h -p o r t.  w h ich  is p ro p o r t io n a l to  the  m ean cross-section o f  the  h yd rom e te o rs  in  

th e  ra d a r scan vo lum e .

(2) D if fe re n tia l R e fle c tiv ity  Zdr can be de fined  as.

w here <  |.vt.t . | 2 >  is a te rm  in  the  backseat to r i ng covariance m a tr ix ,  w h ich  is 

p ro p o r t io n a l to  the  pow er rece ived a t V  p o r t  w hen t ra n s m it t in g  wave is v e r t ic a lly  

p o la rized :

Z ^  is re la ted  to  the  d iffe rence  between Z /t a nd  Z v, w here Z v is the  re f le c t iv ity  

fa c to r a t v e rt ic a l p o la r iz a t io n . Zdr is a ve ry  re lia b le  p o la r im e tr ic  pa ram e te r, w h ich  

is a good  in d ic a to r  o f  shape a nd  o r ie n ta t io n  o f  p re c ip ita t io n  p a rtic le .

(3 ) D if fe re n tia l P ro p a g a tio n  Phase S h ift  A'</p can be defined as.

( 2 . 1)

w here A is the  w ave leng th  o f  th e  ra d a r: <  | *•/,/, | 2 >  is a te rm  in  the  b a cksca tte r in g

Z d r  =  I0log(<  I.<#/,hi'- >  /  <  >■) (2 .2 )

(2.3)
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u h c n * K'j f f  is the e ffec tive  p ro p a g a tio n  co n s ta n t fo r h o r iz o n ta lly  p o la rized  

waves. A ,'7 /  i-s t l io  e ffective  p ro p a g a tio n  co n s ta n t fo r v e rt ic a lly  p o la r iz e d  waves, 

then  I\,lp is the  d iffe rence between these tw o  p ro p a g a tio n  constan ts . K llp is zero 

fo r  is o tro p ic  hydrorne teo rs a n ti K dp is n on -ze ro  fo r  a n iso tro p ic  hyd ro rne teo rs .

(4 ) C o rre la t io n  coeffic ien t a t zero lag  phc is de fined  as:

* ' f 0 > =  <  >■/» (2 -4 >

T h e  c o rre la t io n  coeffic ien t between h o r iz o n ta lly  and  v e rtic a lly  p o la r iz e d  echoes 

(p / ir (9 ) ) is a ffected  m a in ly  by the  v a r ia b i l i ty  in  th e  ra t io  o f  the v e r t ic a l- to -h o r iz o n ta l 

size o f  in d iv id u a l hydrorne teors and  depends on  th e  o rie n ta tio n  and  shape (e.g.. 

ir re g u la r  shape) o f  hydrorneteors.

(5) L in e a r d e p o la riz a tio n  ra t io  is de fined  as:

L D R hv =  10log{< |s / u . | 2 >  /  <  |-vr „ | 2 > )  (2 .5)

o r

LD R , .h = 10l o g «  l ^ l 2 >  /  <  > )  (2-0)

I f  a h o r iz o n ta lly  po la rized  wave is t ra n s m it te d .  The backseat te r  fro m  hy- 

d ro m e te o rs  p re d o m in e n tly  h o r iz o n ta l p o la r iz e d . B u t a sm a ll p o r t io n  o f  v e r t ic a lly  

p o la rize d  waves also w il l re tu rn  to  th e  ra d a r. T h is  can occur because fa c to rs  such 

as h y d ro m e te o r shape, oblateness, ra d a r v ie w  ang le  and ca n tin g  w ith  respect to  

ax is  o f  p o la r iz a tio n  (Herzegh and  Jam eson 1992) depo la rize  some o f  th e  t ra n s m it­

ted  engery  (H erzegh  and Jam eson 1992). T h e  ra t io  o f the  received c ro ss -p o la r 

pow er to  the  tra n s m itte d  co -p o la r pow er defines th e  L in e a r D e p o la r iz a tio n  R a tio  

(L D R /,,.) and th is  depends on the  d ie le c tr ic  c o n s ta n t. D e ta iled  d iscussions o f  these

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



20

param ete rs  can bo found in  B r in g i a nd  C h a n d ra  (2000) and D o v ia k  and  Z rn ic  

(199:3).

B. The errors m  the radar parameters

T h o  q u a lity  o f the  ra d a r pa ram ete rs  in fluences the  accuracy o f the  in ference o f  

h yd ro m e te o r types and ra in fa ll e s tim a tio n  d ire c t ly . M any fac to rs  c o n tr ib u te  erro rs 

to  the  m easured ra d a r param ete rs , such as ra d a r system  e rro r, c lu t te r  fro m  the  

e n v iro n m e n t, anom alous p ro p a g a tio n . 3 -b o d y  effect, etc..

T he  separate waveguides to  the  a n te n n a  p o rts , i.e.. one fo r H and  one fo r V  

p o la rized  channe l cause a d if fe re n tia l g a in  between the  tw o  receivers due to  the  

d iffe re n t waveguide loss facto rs . T h is  w i l l  re su lt in  the  d e v ia tio n  o f  th e  measured 

ra d a r pa ram ete rs  from  the  in tr in s ic  ra d a r  param ete rs . T h e  d if fe re n tia l ga in  o f  

the  tw o  receivers can be ca lib ra te d  by u s in g  Sun as a ra n d o m ly  p o la rize d  e x c itin g  

source. T h is  is based on the  fac t th a t  Sun e m its  ra d ia tio n  w ith  random  p o la r iz a tio n  

w h ich  e q u a lly  excite  the  tw o  pa rts . T h e re fo re . L D R  and  Z or  can be c a lib ra te d  

by th is  m e tho d  fo r de ta ils  re fe r to  H u a n g  (1997).

T h e  e nv iron m e n t inc ludes g ro un d  c lu t te r ,  a tm osphe ric  c lu t te r ,  and  o th e r sources 

o f  in te rfe rence . C lu t te r  can c o n ta m in a te  th e  ra d a r da ta . Presence o f  c lu t te r  in f lu ­

ences the  range flu c tu a tio n s  in  Od p -

Z p n  can be fu r th e r c a lib ra te d  by u s in g  a ZpRMas w h ich  is d e te rm in e d  by 

p o in t in g  th e  antenna v e r t ic a lly  (e le va tio n  ang le  =  90° ) and chang ing  th e  a z im u th  

angle  fro m  0 ° to  360°. G ro u n d -c lu ttc r  can a t tim e s  cause a dependency o f  Z Dr on 

a z im u th  ang le  b u t th is  shou ld  be averaged o u t. T h is  c a lib ra tio n  is based on the  

a ssum ptio n  th a t  the  ice p a rtic les  are o r ie n te d  ra n d o m ly  (H u b b c r t. 1998).

W hen the  back-scatte red s igna l rece ived  by the  ra d a r is no t sca tte red  back 

d ire c t ly  fro m  a hydrom eteor. i t  is s ca tte re d  back from  the  ra d a r l ik e ly  to  the  

g ro un d , then  from  ground to  hyd ro rne teo rs . f in a l ly  from  hydrorne teors to  the  radar.
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T h is  is c a lled  the  th re e -b o d y  e ffec t. T h re e -b o d y  sca tte r ty p ic a lly  causes d if fe re n t ia l 

re f le c t iv ity  to  be ve ry  h igh  a t h ig h  e leva tions and to  be negative  a t low er e le va tio n s  

at the  rear o f the  s to rm  core (H u b b e r t.  1997).

The1 pa th  o f  ra d a r s igna ls  in  th e  a tm osphere  depends on the  v a r ia t io n  o f  the  

a tm osphere 's  re fra c tive  in d e x  w ith  he igh t. T h e  re fra c tive  index is a fu n c t io n  o f  

te m p e ra tu re , pressure, and w a te r va p o r co n te n t. U nde r the  c o n d itio n s  o f  te m p e r­

a tu re  invers ion  in  the  low er a tm osp h e re , i t  is possible  th a t  the  ra d a r beam  h its  the  

g ro un d  and re tu rn s  a false echo. T h is  s itu a t io n  is ca lled  anom alous p ro p a g a tio n  

(D o v ia k  and Z rn ic . 1993).

2 .1 .2  G en era l D e sc r ip t io n  o f  W S R -8 8 D  radar

T h e  W S R -8 8 D  (W ea the r Serv ice  R adar. 1988 -D opp le r) ra d a r is a s in g le  po ­

la r iz a t io n  radar. I t  measures re f le c t iv ity  and D o p p le r ve loc ity . T h e  o p e ra tio n a l 

frequency is 2.7 to  3.0 G ig a h e rtz . T h e  W S R -8 8 D tra n s m it te r  generates a nd  ra d i­

ates a peak pow er o u tp u t o f  750 k ilo w a tts . T h e  tra n s m it te r  is o f  K ly s tro n  typ e , 

so it is easy to  c o n tro l the  w a ve fo rm  o f  its  t ra n s m it te d  pulses. T h e  a n te n n a  is 

a 28 foo t p a ra b o lic  d ish  th a t d ire c ts  the  ra d a r s igna l. T h e  a n g u la r w id th  o f  the  

an tenna  p a tte rn  (b e a m -w id th ) is a b o u t 0 .9 6 -degrees. T h e  receiver receives and 

a m p lifie s  the  re tu rn e d  ra d io  fre qu e ncy  s igna l and sends the  s igna l to  the  s ig n a l 

processor. T he  s ig n a l p rocessor tra n s fo rm s  the  ana log  s igna l, th a t was sent fro m  

the  rece iver, in to  d ig ita l base d a ta . I t  p e rfo rm s  c lu t te r  suppression and  o th e r  s ig n a l 

c o n d it io n in g . T h e  W S R -8 8 D ra d a r  can w o rk  in  one o f  the  tw o  o p e ra tio n a l m odes: 

p re c ip ita t io n  m ode and c lear a ir  m ode. In  p re c ip ita t io n  m ode, i t  can scans e ith e r  

14 e leva tions in  5 m in u tes  o r 9 e leva tions  in  6  m inu tes . In  the  c lea r a ir  m ode, i t  

scans 5 e levations in  10 m inu tes .

T h e  system  ch a ra c te ris tics  o f  th e  W S R -8 8 D  ra d a r are lis ted  in  ta b le  2.2.
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T a b le  2.2: G ene ra l W S R -8 8 D  R a d a r C h a ra c te ris tic s

A n te n n a
A n te n n a  size 8.53 m
B eam  w id th 0.88 -  0.96°
G a in 39.1 d B
A z im u th  speed 0-3 R P M
E le v a tio n  speed 0-15 deg /sec
W avegu ide  loss \  a ria b le

T ra n sm itte r
W ave le n g th 1 0 . 0  - 1 1 . 1  cm
Peak pow er 750 KVV (peak) 1.5 k w  (A v g )
Pulse w id th 1.5 - 4.5 ms
P o la r iz a tio n S ingle . H o r iz o n ta l
D o p p le r c a p a b ility Yes
V e lo c ity  u n fo ld in g + / -  50 m /s
U n a m b ig u o u s  range 460 km
P R F 320 - 1300 Hz
R F  frequency 2.7 -  3.0 G H z
S e n s it iv ity 10 d B Z e  fo r  a 0 S X R  a t 50 km
C lu t te r  c a n c e lla tio n 56 d B
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2 .2  B a ck g ro u n d  o f  n eu ra l n e tw o rk

N eura l ne tw o rks  are  in fo rm a tio n  processing  system s w h ich  consists o f a la rge  

num ber o f  h ig h ly  in te rcon n ec te d  p rocessing u n its  ca lled  neurons. N eu ra l ne tw orks  

are designed to  m im ic  th e  way o f  h u m a n  b ra in  fun c tio ns , and th e y  are ab le  to  

learn fro m  th e ir  e n v iro n m e n t and s to re  the  learned in fo rm a tio n  in  the fo rm  o f 

in te rc o n n e c tin g  w e ights. S ince the  1980's, neu ra l netw orks have become p o p u la r 

and have been a pp lie d  successfu lly  in  a lm o s t a ll fie lds o f s c ie n tific  research and 

in d u s try . T h e  m a in  a p p lic a tio n s  are fu n c tio n  a p p ro x im a tio n , p a tte rn  c lass ifica ­

t io n /re c o g n it io n . and t im e  series p re d ic tio n . In  th is  d isse rta tio n , neura l n e tw o rk  

techniques w il l  be used to  im p le m e n t ra d a r ra in fa ll e s tim a tio n , w h ich  is a fu n c tio n  

a p p ro x im a tio n  p ro b le m . N e u ra l n e tw o rk  le a rn in g  a lg o rith m s  a lso are used in  the  

fuzzy log ic  c la ss ifica tio n  system  to  f in e -tu n e  the  param eters o f  th e  system .

O f the  va rious  n e u ra l n e tw o rk  a rch ite c tu re s , tw o  are very s u ita b le  fo r fu n c tio n  

a p p ro x im a tio n , nam ely, m u lt ila y e r  p e rce p tro n  neu ra l ne tw o rk  (M L P N N )  and ra d ia l 

basis fu n c tio n  neura l ne tw o rks  (R B F ) . These tw o  neura l n e tw o rk  s tru c tu re s  and 

lea rn ing  a lg o r ith m s  w il l  be in tro d u ce d  in  the  fo llo w in g  section. B o th  M L P N N  and 

R B F  also are  good a t a p p lic a tio n s  o f  c la ss ifica tio n . There  are tw o  m ore o th e r 

neura l ne tw o rks  w h ich  f i t  fo r  c la ss ifica tio n  a p p lic a tio n : One is the  p ro b a b ility  

neura l n e tw o rk : the  o th e r is K ohonen  n e u ra l n e tw o rk . G enera lly , the  c o m b in a tio n  

o f  K ohonen n e u ra l n e tw o rk  and L e a rn in g  V ec to r Q u a n tiz a tio n  (L Y Q ) can p e rfo rm  

very w e ll in  th e  a p p lic a tio n s  o f  p a tte rn  c la ss ifica tion .

2 .2 .1  M u ltila y e r  P e r c e p tr o n  N e u r a l N e tw o rk  (M L P N N )

2 .2 .1 .1  M L P N N  a r c h ite c tu r e

T h e  basic e lem ent in  a neura l n e tw o rk  is the  neuron . T h e  m o d e ling  o f  a 

neuron in  the  M L P N N  is show n in  th e  F ig u re  2.4. In  th is  figu re . [x | .r2
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./•„] s tands fo r the  n in p u ts  o f  the  neuron : in  the  neuron , the  w e ighted  inpu ts  

com bined w ith  bias b are sum m ed up to  o b ta in  net in p u t h f irs t, t iie n  go th rough  

a a c tiv a tio n  fu n c tio n  b lock to  p roduce o u tp u t T h e  in p u t /o u tp u t  re la tio n  can 

be expressed as.

h =  w 7x  + b 

Y  =  r ( / i )

(2.7)

( 2 -8 )

where the su pe rsc rip t T denotes the  transpose  o p e ra tio n , x  =  [x [ x> ... -r„]is  

a n by 1 in p u t vec to r, w  =  [ ir , tv-, ... u:n] is a n by 1 w e igh t vecto r, b is a bias, 

and (_■ is an a c tiv a tio n  fu n c tio n . T he  com m on  form s o f  the  a c tiv a t io n  fu n c tio n  are 

hard  l im it ,  s igm o id , tangen t and  lin e a r fu n c tio n  (H a y k in . 1997).

bias
b

input
signal v(*)

output

y

F ig u re  2.4: M o d e lin g  o f  a neuron: w x. iv2- w n are th e  s y n a p tic  w eights, bf. is the 
bias. ;.’ (.) is the  a c tiv a tio n  fu n c tio n .

A  ty p ic a l c o n fig u ra tio n  o f  a m u lt ila y e r  p e rcep tro n  n eu ra l n e tw o rk  is shown 

in  the  F ig u re  2.5. I t  consists o f  one in p u t layer, one o u tp u t layer, and one or 

m ore h idden  layers in  between. Each laye r con ta ins  a n um b e r o f  neurons. The 

in p u t layer consists o f  n in p u ts , [x j x 2 ... x n]: the  o u tp u t layer has o n ly  one 

o u tp u t K (it m ay have several o u tp u ts , g e n e ra lly ): the re  are th ree  h idden  layers in 

the figure  (assume th a t the  ith  h idden layer has n, neurons). T h e  in p u ts  are fu lly  

connected to  the  firs t h idden layer. Each h idden  laye r is fu l ly  connected to  the 

next, and the  last h idden  layer is fu l ly  connected, to  the  o u tp u ts . T h e  net in p u t
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layer 2
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input hidden
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x  w, b, \\f(h,)

hidden 
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output
layer

x,

F ig a ro  2.5: T y p ic a l c o n fig u ra tio n  o f  a m u lt i la y e r  p e rce p tro n  neu ra l ne tw o rk

to  neurons in  the  f irs t h idden  laye r can be expressed as show n in  th e  fo llo w in g  

e q u a tio n .

h x =  W lx  4- b\ (2 .9)

w here  b\ =  [6 n b\2 ... 5 ln i ] is a by 1 b ias ve c to r, hi  =  [ / in  h V2 ... / t in i j is a 

i>i by 1 a c t iv a t io n  vec to r, and  W j =  [u?n tr'io ••• u-’ i n j  is a ril by n w e igh t m a tr ix ,  

w h ile  th e  1 by n w e igh t ve c to r a t laye r 1 is  de fined  as w Xj =  [ f r ^  w Xj2 ... Uajn ] 

fo r  j  =  1 . 2 . ... ri\.

T h e re fo re , th e  o u tp u t o f  th e  neurons in  the  f irs t  laye r is t ' ( h x). S im ila r ly , 

th e  net in p u ts  to  a ll the  neurons in  the  fo llo w in g  layers can be o b ta in e d  by th e  

fo llo w in g  e q u a tio n .

//, =  w st.’( h i_ i )  4- b, (2 .10)

w here  b, = [btx bl2 ... 6 ,„  ] is a n t by 1 b ias ve c to r, h, =  [/t,i />;•> ... is a

n, by 1 a c tiv a t io n  vec to r, and W; =  [?Cjt tc,2 ■■■ u-’m,] is a n, by n ,_ / w e ig h t m a tr ix .
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while* the* 1 by » ,_ [ w e igh t v e c to r a t la ye r n, is de fined as ivtJ - [u ’u l u\j-> ... u'ijnt_l ] 

fo r j  =  1 . 2 . ... /•/,.

Some n o ta tio n s  used in  above tw o  equa tions are defined jus 

b,j : bias o f  the  j t h  node  a t laye r i 

h,j-. net in p u t o f  th e  j t h  node a t la ye r i 

<.•(//,_,): o u tp u t o f  th e  j t h  node a t laye r i

u-ljk: w e igh t connected  between th e  j t h  node a t layer i and  the  k th  node a t 

layer i- 1

2 .2 .1 .2  B a c k -P r o p a g a t io n  L ea rn in g  A lg o r ith m

T h e  b a ck -p ro p a g a tio n  le a rn in g  a lg o r ith m  is a g ra d ie n t descent le a rn in g  algo­

r ith m  is designed to  m in im iz e  the  e rro r  fu n c tio n  ite ra tiv e ly . In  the  M L P  neura l 

n e tw o rk , the  e rro r fu n c tio n  can be de fined  as.

w here X  is the  to ta l n um b e r o f  t ra in in g  p a tte rn s , a ll t ra in in g  p a tte rn s  are 

a pp lie d  to  the  n e tw o rk  se qu e n tia lly . eJ is the  m ean square e rro r between the 

desired o u tp u t tJ and the  a c tu a l n e u la l n e tw o rk  o u tp u t Y J w ith  respect to  the  j t h  

t ra in in g  p a tte rn . eJ can be expressed as

A f te r  the  j t h  t ra in in g  p a tte rn  is a p p lie d  to  the  neu ra l n e tw o rk , w e ights and 

bias a t each laye r are u p d a te d  a cco rd in g  to  the  fo llo w in g  rules.

( 2 .11 )

(2 .12)

=  w f +  / M w , (2.13)

l/j 1 : bf + /tJ Abi ( 2 . 1-1)
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wW i w

F ig u re  2.G: A rc h ite c tu re  o f  a ty p ic a l R B F  neu ra l ne tw o rk

where / iJ is the  le a rn in g  ra te . A w , is th e  d e r iv a tiv e  o f  e rro r fu n c tio n  w ith  

respect to  the  w e igh t ve c to r w ,. and A 6 , is th e  d e r iv a tiv e  o f  e rro r fun c tio n  w ith  

respect to  the  bias ve c to r b(.

T h e  param ete rs o f  the  M L P N N  are u p d a te d  ite ra tiv e ly . W hen  the  n e tw o rk  

converges, i t  reaches th e  g loba l m in im u m  on th e  e rro r surface. T h e n  the le a rn ing  

process is fin ished , and  i t  can be used fo r g e n e ra liza tio n  fo r  those in p u t p a tte rn s  

w h ich  are n o t in  the  t ra in in g  set.

2 .2 .2  R a d ia l B a sis  F u n c tio n  N eu ra l N e tw o r k

2 .2 .2 .1  R B F  N e tw o r k  A r c h ite c tu r e  a n d  P a r a m e te r s

A ra d ia l basis fu n c tio n  n e tw o rk  has th re e  layers (F ig u re  2.6 ). nam ely, ( i)  

in p u t layer, co ns is ting  o f  in p u t va riab les  j- j .x2, ■■■ . x n. ( i i )  h idden  layer, cons is ting  

neurons w ith  ra d ia l basis fu n c tio n  as tra n s fe r fu n c tio n  h j ( x ). ( i i i )  o u tp u t layer, 

cons is ting  o u tp u t va riab les , w h ich  are lin e a r c o m b in a tio n s  o f  h idden  layer o u tp u t.
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T h e  G aussian ra d ia l basis fu n c tio n  is used in  th is  s tu d y , w h ich  can  be ex­

pressed as

where x  - [ j ' i  x-, ... x „ ]  is the  in p u t  vec to r. c} =  [c ^  c1} ... cnj\ is the ce n te r vec to r 

o f  neuron  j .  r j  =  [ r ^  r->j ■■■ rn j] is the  size ve c to r o f  neu ron  j .  n i is the  n u m b e r o f  

neurons in  the  h idde n -la ye r, and  Wj is the  w e igh t from  n e u ro n  j  to  the  o u tp u t.

T h e  h idden  laye r is an im p o r ta n t  p a rt o f  the  n e tw o rk , since i t  d ire c t ly  d e te r­

m ines th e  ac cu racy o f  the  n e tw o rk . T h e  ra d ia l basis fu n c tio n  ne tw o rk  is a m o d ifie d  

fo rm  o f  exact in te rp o la t io n . F rom  e q u a tio n  2.1G i t  can be seen th a t the  R B F  n e t­

w o rk  pe rfo rm s  a lin e a r su p e rp o s itio n  o f  the  loca lized  basis fu n c tio n  ( h i ( x ) ...........

h„,(x)).  w here  the accuracy o f  th e  n e tw o rk  fu n c tio n  depends on  the  n um b e r o f  the  

basis fu n c tio n s , the  centers and th e  w id th s  o f  the  basis fu n c tio n s .

For th is  R B F  neu ra l n e tw o rk , the  fo llo w in g  th ree  p a ram e te rs  need to  be de­

te rm in e d . ( i)  center vector  o f  a ll th e  neurons in  the  h idden  la ye r c j ( i i)  width vector 

o f a ll the  neurons in  th e  h idden  la ye r r ,  ( i i i )  weights fro m  th e  h idden  laye r to  the  

o u tp u t (?/ j ... wm) O nce  a ll these pa ram ete rs  are d e te rm in e d , the  n e tw o rk  is com ­

p le te . and  i t  can be used fo r a p p lic a t io n . I f  an in p u t vec to r x  is a pp lied  to  th e  R B F  

n e tw o rk , the  d is tance  o f  the  ve c to r to  every cente r ve c to r o f  the  neurons in  the  

h idden  la ye r is ca lcu la te d . T he  o u tp u t  o f  the  neuron is a fu n c tio n  o f  the  d is tance  

(as shown in  2.15). a nd  takes th e  va lue  1 (m a x im u m ) w hen  th e  in p u t v e c to r x  is 

equa l to  th e  center vec to r. As th e  d is tance  increases, the  o u tp u t  decreases. L in e a r 

co m b in a tio n  o f  the o u tp u ts  fro m  a ll th e  h idden  u n its  is th e  f in a l o u tp u t.

C2.15)

and th e  o u tp u t f ( x )  fo r an in p u t vec to r x  is g iven by

(2.16)
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2 .2 .2 .2  L ea rn in g  A lg o r ith m  for R B F  N e u r a l N e tw o rk

T h e  t ra in in g  process fo r a R B F  n e u ra l n e tw o rk  invo lves se lec ting  a set o f  

ra d ia l basis fu n c tio n s  for the  h id de n  laye r neu rons  and  f in d in g  th e  o p t im u m  w e ight 

vec to r. G en e ra lly , there  ex is t th ree  ca tego ries  o f  le a rn in g  a lg o r ith m  fo r d e te rm in in g  

a ll the  free pa ram ete rs  in  the  R B F  n e u ra l n e tw o rk , nam ely, fixed centers selected 

at random, recursive hybrid leuming procedure,  and  stochastic gradient approach,

(i) f ixed centers selected at random

T h e  s im p le s t approach fo r choos ing  ra d ia l basis fu n c tio n s  fo r  the h id d e n  layer 

neurons is to  p ick  up  a fixed  n um be r o f  centers Cj fro m  the  tra in in g  d a ta  set and 

set the  widths rtJ a constan t r. T h e  c o n s ta n t r  is fixed  a t th e  com m on  va lue

r  =  7 T  (2 -17)

w here  I\ is the  n u m be r o f  centers, and  d rnax is th e  m a x im u m  d is tance  betw een the 

chosen centers.

I f  th e  centers  and widths o f  the  ra d ia l basis fu n c tio n s  are d e te rm in e d , then  

the  d e te rm in a tio n  o f  weights wj is ve ry  s tra ig h tfo rw a rd . Wj are d e te rm in e d  by 

m in im iz in g  the  sum  o f squared e rro r e g ive n  by

p  m

r  =  C2 - 1 8 )
«=i j = i

T h e  o p t im u m  Wj is g iven by th e  gene ra lized  inverse  equa tion

w =  [«•, w2 ... ivm\r  = { H T H ) ~ l H TY  (2.19)

w here  H is the  m a tr ix  o f basis fu n c tio n s  g ive n  b y  (M a rk . 199C)

H  =

h  I (-^ 1 ) h ' 2 ( X [ )  . . .  / l r n ( X [ )

h i ( x - j )  h>( x - >)  . . .  h r n ( x 2 )

. ^ i ( - tp )  h > ( j . p ) . . .  h , n { x p ) _

(2 .20)
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A lte rn a tive 's  to  the  m e tho d  by e q u a tio n  2.19 used to  com pu te  the  w e ight ve c to r 

an* the* Least-M ean-S quare  (L M S ) a lg o r ith m  (H a y k in . 199G) and  the  Recursive- 

Least-Square  (R L S ) a lg o r ith m  (H a y k in . 1996).

(ii) recursive hybrid learning procedure

O ne o f the  lim ita t io n s  o f  the  fixed  centers m e th o d  is th a t i t  requires a la rge 

da tase t fo r good  perfo rm ance. A n o th e r le a rn in g  m e tho d  is ca lle d  recursive hybrid  

learning procedure, in  w h ich  the  centers  o f  the  ra d ia l basis fu n c tio n s  are selected 

fro m  tra in in g  d a ta  set by using  se lf-o rgan ized  le a rn in g  a lg o r ith m . T h e  co m m o n ly  

used one is ca lled  k-means clustering algorithm (D u d a  and H a rt.  1973). in  w h ich  

the  in p u t d a ta  are p a r tit io n e d  in to  k  c lu s te rs , the  centers o f  the  ra d ia l basis fun c ­

tio n s  are placed in  the  centers o f  the  k  c lus te rs . T h e  widths r tJ are o b ta in ed  by 

e q u a tion  2.17. T h e  weights are ca lcu la te d  by  e qu a tion  2.19. o r. th e y  can also be 

o b ta in e d  by us ing  LM S  and R LS a lg o r ith m s .

To avo id  g e tt in g  s tuck  in  loca l o p t im u m , enhanced k-means clustering algo­

rithm  was p roposed by C hen (1995).

(Hi) stochastic gradient approach

L n like  the  fixed  centers m e thod  a nd  recurs ive  h y b r id  le a rn in g  procedure , the  

s toch a s tic  g ra d ie n t approach aim s to  f in d  th e  free param ete rs  (c j.  r a n d  wj) by 

superv ised  le a rn in g  process based on th e  e rro r  de fined as

'  =  / t o ) ) 2. ( 2 -2 1 )
i  = i

T h is  le a rn ing  a lg o r ith m  is very s im ila r  to  the  b a ck -p rop a ga tio n  lea rn ing  a lgo ­

r i th m  in tro d u ce d  in  section 2.2.1.2. T h e  o n ly  d iffe rence  is th a t the re  is no back- 

p ro p a g a tio n  o f  e rro rs  in vo lved  in  the  le a rn in g  process because o f  the  s im p le  s tru c ­

tu re  o f  the R B F  neura l n e tw o rk  (one h id d e n  laye r).

2.3  B a ck g ro u n d  o f  F u zzy  L ogic
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2.3 .1  In tr o d u c tio n

Since the  in tro d u c t io n  o f  the  concept o f  Fuzzy set in  1965 by L o f t i A . Zadch . 

t he fuzzy log ic  had been m o s tly  v iew ed as a con trove rs ia l te ch n o log y  fo r some tim e . 

Since the  la te  1980s. fuzzy  log ic  has been used in  m a n y  successful a p p lic a tio n s  fro m  

consum er p roduc ts , to  in d u s tr ia l process co n tro l.

2 .3 .2  F u zzy  S et a n d  F u zzy  L o g ic

A fuzzy  set is a set w ith  a sm o o th  b ounda ry . Fuzzy log ic  refers to  a lo g i­

cal system  th a t generalizes c lassica l tw o-va lued  B oo lean  lo g ic  fo r reason ing  u nd e r 

u nce rta in ty .

2 .3 .2 .1  F u zzy  S e t v s . C la ss ica l S e t

The* d iffe rence  between a fuzzy set and a c lass ica l set is th a t a fuzzy set is 

a set w ith  a sm oo th  b o u n d a ry  w h ile  a classical set is a set w ith  sh a rp  bounda ry . 

For ins tance , the  expression o f  "w a rm  room  te m p e ra tu re " m ay be expressed as an 

in te rva l (e.g.. [70°F. 7 8 °F j) in  c lassica l set theory . However, the  concept does no t 

have a w e ll-de fined  n a tu ra l bounda ry . A  rep resen ta tion  o f  the  concept c loser to  

hum an in te rp re ta tio n  is to  a llo w  a g ra d u a l tra n s it io n  fro m  "n o t w a rm " to  "w a rm ."  

In  o rde r to  achieve th is , the  n o tio n  o f  m em bersh ip  fu n c tio n  in  a set needs to  become 

a m a tte r  o f  degree. T h is  is the essence o f  fuzzy sets. A n  exam p le  o f  a classica l 

set and a fuzzy  set is show n in  F ig u re  2.7. where the  v e rt ic a l ax is  represents the  

degree o f  m em bersh ip  in  a set.

2 .3 .2 .2  M em b ersh ip  F u n c tio n

T he  d e fin it io n  o f  m em bersh ip  fu n c tio n  is as fo llow s: is called member­

s h i p  function  o f  fuzzy set  A  ( fo r  a fuzzy  variable x ) .  whose value is the degree to 

which x  is a member o f  fuzzy  set .4.
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70 78 T< F) 70 78 T< F)

Figure* 2.7: A  c lassica l set ( le f t )  and  a fuzzy  set ( r ig h t)  re p re se n ta tio n  o f  ''W arm  
R oom  T e m p e ra tu re .''

There  are several gen e ra l fo rm s  fo r m em bersh ip  fu n c tio n s , as show n in  F ig ­

ure 2.8. i.e.. t r ia n g u la r  shape , tra p e z o id a l shape. G aussian shape. B e ta  functions, 

s ig m o id a l fu n c tio n . ~ fu n c t io n , and  S and  Z curve. T h e  m a th e m a tic a l expressions 

fo r  t hese form s a rc  g iven  by.

1 . T r ia n g u la r Shape

T r i ( x .  e, f . g )  =  <

2 . T rapezo ida l Shape

0 : x  <  e
1 -  ^ 5 f :  e < x  < f

f  < x  < g
9 - 1  J J
0 : x  > g

f 0: x  < a

Tra (x .  a. b. c:. d) = <
1 — a < x  < bo—a
1 :
d —x . 
d —c  * 

0 :

b < x  < c 
c < x  < d 
x  > d

3. Gaussian m e m b e rsh ip  fu n c tio n

(2 .22 )

(2.23)

G(x. rn.a)  =  e" (2.24)

4. Beta m em bersh ip  fu n c t io n

Bcta{x ,  m . a . b )  =
i  +  u ^ ) 2 ) 6

(2.25)
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5. S ig m o id a l m e m b e rsh ip  fu n c tio n

S ig r n ( x .a . c )  = ------------ ;-----   (2.2G)
u  '  l  -j_ fJ - « ( . r - c )  v '

G. 7T m e m b e rsh ip  fu n c tio n

1 , x—n’£
1 ^  ~

(2 .27)

~ j ( x .  hr .  Ip. rp. n r )  =  <

Iw
l p - r l w  — x : x  < Ip

Ip < x  < rp1 :
— — : j - >  rpx - r p - f-rtr — ~

(2-2S)

S -C urve  Shape

a -rb

S ( x .  a.b) = <

0 : x  < a
b-a> ’

l - 2 ( f f j ) 2: a~ ^ < x < b
1 : x  > b

a < x  <
(2 .29)

S. Z -C 'urve Shape

Z ( j . -. a. b. c) =  <

1 :

1 -  , , ,  

26 -

0 :

x  < a — b 
a — b < x  < a 
a < x  < a + b 
x  > a + b

(2 .30)

2 .3 .2 .3  B a s ic  O p e r a tio n s  in  A  F u zzy  S e t

G en e ra lly , the re  are  th ree  m a jo r  o p e ra tio n s  on sets, nam ely, intersection,  

union,  and complements.  T h e  th ree  o p e ra tio n s  on fuzzy  sets have been ex tended 

a cco rd in g ly  because the  n o tio n  o f  set m em bersh ip  has been genera lized in to  a 

m a tte r  o f  degree.

(i) Intersection and Union o f  Fuzzy Sets

Zadeh (1973) suggested the  m in im u m  o p e ra to r fo r  th e  in te rsec tio n  and th e  

m a x im um , o p e ra to r  fo r th e  u n ion  o f  tw o  fu zzy  sets. F o r an exam ple , there  is a
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Triangular m em bership (unction Tnangular(x.5.10.15) Trapezoidal membership function Trap(x.5.8.12.15)

T  nangular(X.a.b.c)

0.8

0 6

0 .4

- 0  2
15(c) 20 25

X

CL

0.8
od
E
©5
o  0.4
©s
S’ 0.2Q

- 0.2
5(a) 15(b) 20

X

( a )

Gaussian m em bership function Gaussian(x.10.5)

Gaussran(X.m.a)

0.8

0 .4

0.2

- 0.2
20 25

X

( b )

Beta membership function Beta(x. 10,3.2)
1.2

CL

g 0.8
o.o|  0.6 
5
o 0.4co
I 1 0.2
a

- 0.2
20 25

X

( C ) ( d )

F ig u re  2.8: Shapes o f  m em bersh ip  fu n c tio n  (a) T r ia n g u la r  (b ) T ra p ezo id a l (c) 
G aussian (d ) B e ta  fu n c tio n
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Figure* 2.8: Shapes o f m em bersh ip  fu n c t io n  (e) ~i ( f )  --> (g) S -C urve  ( l i ) Z -C urve
( i)  S ig m o id a l
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Ma f

/
X

a n  b

X

F ig u re  2.9: In te rse c tio n  O p e ra tio n : (a )fu z z y  set A  w ith  a m em bersh ip  fu n c tio n  f.iA 
(b ) fuzzy  set B  described  by  the  m em bersh ip  fu n c tio n  (*-') in te rsec tio n  o p e ra tio n  
o f  the  tw o  fuzzy  sets (A  A N D  B ) ( in  green)

fuzzy  set A  w ith  a m em be rsh ip  fu n c tio n  /*..i (show n in  figu re  2.9 (a ) and a fuzzy  

set B  described  by the  m em bersh ip  fu n c tio n  / l b (show n in  figu re  2.9 (b ). the  

in te rs e c tio n  o p e ra tio n  o f  th e  tw o  fuzzy  sets (A  A N D  B ) can be expressed as 

(show n in  fig u re  2.9 (c))

=  min(/LA. f i B) (2 .31)

i f  the  m in im u m  o p e ra to r is used fo r the  in te rs e c tio n . T h e  un ion  o p e ra tio n  o f  the  

fuzzy  set A  and  B  is show n in  figu re  2.10 w here  th e  m a x im u m  o p e ra to r is used fo r 

u n io n , w h ich  can m a th e m a tic a l represented as:

I ‘ a u b (J’) =  m a x { f i A ( x ) .  / i B ( x ) )  (2 .32)

In  a d d it io n , the re  are m u lt ip le  choices fo r fu zzy  in te rse c tio n  (also ca lled  fuzzy con­

ju n c t io n )  and  fuzzy  un ion  (a lso ca lled  fuzzy  d is ju n c t io n )  o p e ra tio n . T h e  fo llo w in g  

is the  lis t  o f  ty p ic a l in te rse c tio n  and  u n io n  o p e ra to r  pairs.

(a) .Algebraic Product and Algebraic Sum:

flAnn = Ua x  I'n . (2 .33)
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Ma ‘

(a) X(b)

A(J B

X
(c)

Figure* 2.10: U n ion  O p e ra tio n : (a )fu zzy  set A  w ith  a m em bership  fu n c tio n  fiA (b ) 
fuzzy  set B  described by the  m em bersh ip  fu n c tio n  mb  (c) union o p e ra tio n  o f  the  
tw o  fuzzy  sets ( A  A N D  B )  ( in  green)

M A u B =  I 1 A +  l - l B — f l A  x  M B  

(h) Bounded Difference and Bounded Sum:  

M a c b  =  m a x { 0 . f i A +  m b  -  1}

P .iu fl =  + Mb }

(c) Einstein Product and Einstein  Sum:

M a M b

(2.34)

(2.35)

(2.36)

Il.\cb —

Ma^ b

2 — [m a  +  M b  — ( m a M b ) 1 

M a  +  M b

1 +  Ma Mb

(dj  Hamacher Product and Harnacher Sum:  

M a M b

(2.37)

(2.38)

MAr.B -

MAj B =

M a  +  M b  ~  M a M b

M a  ~b M b  ~  M a M b  

I  -  ( M a M b )

(2.39)

(2.40)
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L
r
I

x

Figure1 2 .L I: C o m p le m e n t O p e ra tio n : (a )fu z z y  set A  w ith  a m e m b e rsh ip  fu n c tio n  
fi \ ( in  reel) and the  co m p lem en t o f  A  is in  green.

(it) Complement o f  a Fuzzy Set

The  co m p lem en t o f  a fuzzy  set A  is de fined  by the  d iffe rence  betw een one and  

the  m em bersh ip  degree in  A . i.e ..

2 .3 .3  F u zzy  L og ic  S y s te m

The  b lo ck  d ia g ra m  o f  a genera l fu zzy  lo g ic  system  is shown in  F ig u re  2.12. j .'!.

.r_> x Tl s tand  fo r n 'c r is p ' (o r d is t in c t )  in p u ts , y  is th e  crisp  o u tp u t .  T h e re  are

fo u r types o f  b locks in  th is  system , n a m e ly  fuzzification, rule inference . aggregation 

and defuzzification^K osko . 1997). T h e  fu n c tio n  o f  the  various b locks  in  the  fuzzy  

log ic  system  are as fo llow s:

2 .3 .3 .1  F u zz ifica tio n

T h e  fu n c tio n  o f  the  " fu z z if ic a t io n "  b lo ck  is to  co nve rt the  c r is p  in p u ts  (o r 

precise m easurem ents) to  the  fuzzy  sets w ith  co rre sp on d ing  m em b e rsh ip  degree. A  

specific  c risp  in p u t can be long  to  d if fe re n t fuzzy  sets b u t w ith  d iffe re n t m em bersh ip  

degrees (o r. t r u th  va lue ). T h is  is d iffe re n t fro m  boo lean log ic  in  th a t  one specific- 

c risp  value can be long  to  one and  o n ly  one category. One o f  th e  exam ples is 

show n in F ig u re  2.13. T h re e  fuzzy  sets (s h o rt, average and  ta ll)  are in vo lved  in  the

/t.v (-r) - 1 -  /m U ) (2.41)
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C risp  in p u ts  

X I  X -  X n  I X n

Fuzzification

! ) I
! 1 !  1  | ?------
I inference i Inference . i Inference
j o f  Rule I | o f  Rule 2 | o f  Rule m

i______________ i___________________ r

l
Aggregation j

D efuzzification

C risp  o u tp u t

F ig u re  2.12: B lo ck  d ia g ra m  o f  a genera l fuzzy  lo g ic  system

exam ple . T h re e  curves ( / isilort(h e ig h t ). fiaveTaae(height). fitall(h e ig h t )) are  shown in  

th t ' fig u re , w h ich  are ca lled  m em bersh ip  fu n c tio n s  fo r the  fuzzy  sets Short. Average 

and Tall. For a specific c risp  he igh t va lue  o '9 " , tishort(o 9 ” ) =  0.60. w h ic h  means 

th a t 5 9 he igh t belongs to  Short  set w ith  t r u th  degree 0.6. o r  t r u th  va lue  fo r 5 9” 

he igh t b e lo n g in g  to  Short set is 0.6. S im ila r ly  fiaverage(o9'' )( = l)  and /.itan (o '9 " ) (= 0 )  

are t r u th  degrees to -w h ich  5 9”  he igh t is a m em ber o f  fuzzy  set Average and  Tall. 

respective ly . In  th is  way, each c risp  in p u t  h e ig h t can be expressed by th re e  t ru th  

va lues to  the  th ree  fuzzy sets (short, average and tall). T h is  process is ca lled 

fu z z ific a tio n . In  the fu z z ific a tio n  process, m em be rsh ip  fu n c tio n s , w h ich  are used 

to  describe  re la tio n s h ip  o f  the  c risp  in p u t  and  the  fuzzy  sets in  the  w h o le  in p u t 

d o m a in , p la y  a very im p o r ta n t ro le.

T h e  fo llo w in g  describes a n o th e r e xam p le  o f  fuzzy sets in  a fuzzy c o n tro l sys­

tem . T h is  exam ple  w il l also he lp  to  e x p la in  o th e r concepts  in  a fuzzy  system . 

F ig u re  2.1-1 shows the w ho le  fuzzy  sets in  a fuzzy  fan-speed c o n tro l sys tem . The 

m em bersh ip  fu n c tio n s  fo r the  th ree  fuzzy  sets (Cool set. W arm set. and  Hot set)
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A

40 50 75 85'  60 70 80 90
59 inches , ,  . . .

Height( inches)

F ig u re  2.13: F u zz ifica tio n  exam ple

w ith  respect to  the  in p u t  va riab le  ' Temperature" are shown in  (a ). Low set. Mod­

erate set. and high set  w ith  respect to  the  o th e r in p u t  va riab le  ” Relative Humidity"  

are show n in  (b ). (c) shows the  m em bersh ip  fu n c tio n s  o f  the  Low set and High set 

fo r  the  fuzzy  o u tp u t va ria b le  "fa n  speed."

Moderate

40  60 SO 100 0 25 50 75 100
Temperature R e la tive  H u m id ity  )

H igh

0  5 r

50 75 1000

Fan Speed
<C)

F ig u re  2.14: A n  exam p le : fuzzy sets w ith  respect to  in p u t fuzzy  va riab le  “Tem ­
perature" and "Relative H um id ity" . and o u tp u t fu zzy  va riab le  "fan speed'

I f  t lie  c risp  in p u t o f  te m p e ra tu re  is 78° and  th e  re la tive  h u m id ity  is 40% . then  

the  te m p e ra tu re  w ith  78° is H o t w ith  t r u th  degree 0.42. the  re la tiv e  h u m id ity  w ith  

40% is M o d e ra te  w ith  t r u th  degree 0.70. T h e  fo llo w in g  section  on in ference w il l  

show  how these in p u ts  are used.
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2 .3 .3 .2  In feren ce

In a fuzzy  log ic  system , ru les are used to  describe  the  com p lex  re la tio n sh ip  

between the  in p u t and  o u tp u t fuzzy  va riab les  in  the  fo rm  o f  IF -T H E N  sta tem en ts  

lin g u is tic a lly . T y p ic a lly , the ru le  is com posed o f  several 'an tecedents ' in  the  IF  

s ta te m e n t and one o r several 'consequents ’ in  the  T H E N  s ta te m e n t. T h e  p ro ­

cess o f  ded u c in g  the  ''s treng th "' o f  these consequents fro m  the ''s tre n g th  ' o f the  

antecedents is ca lled  ru le  inference. U s u a lly  a IF -T H E N  ru le  is in  the  fo rm  as 

fo llow s.

IF  antecedent-1  A N D  a n te c e d e n ts  A N D  ... T H E N  consequent.1 A N D  consequent-2  A N D  ...

T h e  IF -s id e  o f  th e  ru le  is com posed o f  one o r m ore  antecedents, w h ile  the  

T H E N -s id e  is com posed o f  one o r m ore  consequents. For exam ple , the  fo llo w in g  

R u le  1 is one o f  the  ru le  in  the  fuzzy  log ic  fan speed c o n tro l system .

Rule 1: IF Temperature is Hot AND Humidity IS Moderate THEN Fan-speed is High.

T h is  ru le  has tw o  antecedent p re p o s itio n s  "Temperature is Hot" and “ Hu­

midi ty is Moderate" on  the  IF -s ide  and  one consequent p re p o s itio n  “Fan -speed is 

High" on the  T H E N -s id e . T he  ru le  in ference  process is exp la ined  as fo llow s,

(1) o b ta in  the  t r u th  degree o f  each p re p o s itio n  on the  IF -s id e  by us ing  fu zz ifica tio n  

resu lts .

W ith  78° te m p e ra tu re  and 40% re la tiv e  h u m id ity , the  firs t antecedent prepo­

s it io n  "T em pera tu re  is H o t"  is tru e  w ith  degree 0.42 a fte r  us ing  fu zz ifica tio n  as 

in t roduced in  last section , the second antecedent p re p o s itio n  ‘'H u m id ity  is M oder­

a te " is tru e  w ith  degree 0.70.

(2 ) o b ta in  th e  s tre n g th  o f the IF -s id e  by  us ing  one o f  the  in te rsec tio n  opera tions

I f  we use m in  o p e ra to r fo r in te rse c tio n , the  the  s tre n g th  o f  the  IF -S ID E  o f  

R u le J  is 0.42 fo r 78° tem pe ra tu re  and  40 h u m ity  in p u ts . .
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0.42

78
I c’ltijv rjfu rc

0 .7 0

AND 0 .42  . I High

I jn  S(\x-U

4 0
H u m id ity

F igure ' 2.15: R u le  1 in ference by us ing  c o r re la t io n  m in im u m  m e thod .

(3) o b ta in  the  s tre n g th  o f  consequences by us in g  in fe rence  m ethods

F ro m  th is  IF -s id e  s tre ng th , the  s tre n g th  o f  consequences can be o b ta in ed  

by us in g  some in ference  m ethods. T h e  m ost c o m m o n ly  used in ference m ethods 

are Correlation M in im u m . Correlation Product a n d  M IN -M A X  (Heske and  Heske. 

199G).

•  C o rre la t io n  M in im u m

C o rre la t io n  M in im u m  Inference m e tho d  uses the  t r u th  value o f  the  IF -s ide  

to  tru n c a te  th e  consequent fuzzy  sets.

F or the  p re v iou s  exam ple  (R u le  1 ). the  s tre n g th  o f  the IF -s ide  h a s ’ been 

o b ta in e d  as 0.42. B y  using  the  correlation m in im u m  m e thod , the  fuzzy set 

H ig h  fo r fan  speed has been tru n c a te d  a t 0 .42  (th e  s tre n g th  o f  the  IF -s id e ). 

T h e  tru n c a te d  o u tp u t fuzzy set is show n in  F ig u re  2.15.

•  C o rre la t io n  P ro d u c t

C o rre la t io n  P ro d u c t Inference m e tho d  uses th e  t r u th  value o f  the  IF -s ide  to  

scale the  consequent fuzzy set.

B y  us ing  the  Correlation Product in fe rence  m e th o d , the  fuzzy o u tp u t o f  the  

R u le  1 w ith  respect to  c risp  in p u ts  o f  te m p e ra tu re  78" h u m id ity  40% is shown
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0.42

78
Ic n ifv r jr jn ;

0 .70

AND 0 .4 2  . . ,L »it h

I an SpcuJ

4 0
Humidjiv

F ig a ro  2.16: R u le  1 in ference by u s in g  c o rre la tio n  p ro du c t m e thod .

in  F ig u re  2.16. in  w h ich  the  o u tp u t  fuzzy  set H ig h  fo r fan speed has been 

scaled by 0.42.

•  M IX - M A X

M IX  refers to  the  use o f  the  m in im u m  in te rse c tio n  ope ra to r. M A X  means, 

fo r  a g iven  consequent m e m b e rsh ip  fu n c t io n , o n ly  the  strongest (M A X ) ru le  

consequent is used.

2 .3 -3 .3  A g g r e g a t io n

U su a lly , we use several ru les ins tead  o f  one ru le  to  describe a fuzzy  log ic sys­

tem . These ru les considered to g e th e r is c a lle d  a ru lebase. A l l  the know ledge a bo u t 

a fu zzy  m o de l is em bedded in  the  ru lebase  a n d  the  m em bersh ip  fun c tio ns . We can 

use th e  in ference  m e thods  discussed above to  d e rive  s tre n g th  o f each ru le , then  ag­

g re g a tio n  m e th o d  can be used to  d e te rm in e  an o ve ra ll fuzzy region th a t  ind ica tes 

th e  to ta l effect o f  a ll ru les based on  the  s tre n g th  o f  each ru le . Tw o  co m m o n ly  used 

a gg re g a tio n  m e thods  are Additive Aggregation  and  M A X  Aggregation.

•  A d d it iv e  A gg re g a tio n

A d d it iv e  A gg re g a tio n  sum s up  the  re s u lts  p roduced  by each ru le  in  the ru le - 

base'.
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0.33 I

I an S fx x d

0.33

•10

F ig u re  2.17: R u le  2 in ference by  us ing  c o rre la tio n  m in im u m  m ethod .

0_33

78
T e m fv ra iu n :

0 J 3

AND
0.33

I an Speed

40

F ig u re  2.18: R u le  2 in ference by us ing  c o rre la tio n  p ro d u c t m e thod .

•  M A X  A g g re g a tio n

M A X  A g g re g a tio n  o n ly  take  the  consequents w ith  the h ighest t ru th  value.

To il lu s tra te  the  agg rega tion  m e th o d  m ore  c lea rly , the p rev ious  fuzzy fan- 

speed c o n tro l system  aga in  is used here. F o llo w in g  is an a d d it io n a l ru le  w h ich  is 

used tog e th e r w ith  the  R u le  1 to  describe  the  fuzzy log ic  system .

Rule 2: IF  Tem perature IS W arm  A N D  H u m id ity  IS Low TH E N  Fan_speed is Low.

T h e  ru le  in ference resu lts  by us ing  c o rre la tio n  m in im u m  and c o rre la tio n  p ro d ­

uct m e thod  fo r  the  R u le  2  are show n in  F ig u re  2.17 and 2.18. respective ly.

T h e  a gg rega tion  o f  R u le  1 and R u le  2 is shown in  F igu re  2.19 and 2.20 by 

us ing  Additive Aggregation m e thod  and  M A X  Aggregation m e tho d , respective ly.
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H igh

F an  Speed

Additive Aggregation

F u zzy  O u tp u t  S p ace

•»<

Fan Speed

F ig u re  2.19: A d d it iv e  aggregation  o f  consequents p roduced  by M IX  in te rsec tio n  
and  c o rre la tio n  m in im u m  inference.

1 r i ■-

I-an S pcvd

A d d itive
Aggregation

I u / / y  O u tp u t Spucc

I'un Speed

F ig u re  2.20: A d d it iv e  aggregation  o f  consequents p roduced  by M IX  in te rsec tio n  
and c o rre la tio n  p ro d u c t inference.
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2 .3 .3 .4  D e fu z z ific a tio n

T h e  o u tp u t  o f  a gg rega tion  process is a fuzzy set. b u t in  m any  a p p lic a tio n s  it  

is necessary to  fin d  a c risp  va lue  w h ich  best represents th e  fuzzy o u tp u t set. and  

th is  process is ca lled  d e fu z z ific a tio n . T w o  co m m o n ly  used d e fu z z ific a tio n  m e thods 

are C enter  o f  Area (COA)  a nd  Mean o f  M axim um  (MOM).

•  C e n te r o f  A rea  (C O A )

In  C e n te r o f  A rea m e th o d , the  c e n tro id  o f the  o u tp u t set is chosen as the

c ris p  o u tp u t.

C en tro id  =
f  x f i ( x ) d x  
I  [ t (x)dx

(2 .42)

T h e  ce n tro id s  th a t co rre sp on d  to  F ig u re  2.19 and  2.20 are 52.03 and 52.66. 

respective ly . T he re fo re , the  sys tem  o u tp u t fan speed is 52.03 o r 52.66 (as 

show n in  F igu re  2.21).

/
Fuzzy O u tp u t S p a c e

F an  Speed
Uf )

F uzzv  O u tp u t S p ace

Fan  S p e e d

c e n tro id : 50 .66
centro id : 50 .02

F ig u re  2.21: d e fu z z if ic a tio n  re su lt by us ing  C O A  m e tho d .

M ean o f  M a x im u m  (M O M )

In  M ean o f  M a x im u m  m e th o d , th e  o u tp u t va lue co rre sp o n d in g  to  the m a x i­

m u m  m em bersh ip  va lue  is chosen as the  c risp  o u tp u t.
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Chapter 3

D E V E L O P M E N T  O F  A  F U Z Z Y  L O G IC , N E U R O -F U Z Z Y  S Y S T E M  

F O R  H Y D R O M E T E O R S  C L A S S IF IC A T IO N

T h e  deve lopm en t o f  a fuzzy  log ic  system  fo r  h yd ro m e te o r c lass ifica tion  is de­

scribed  in  th is  ch ap te r. T h is  ch a p te r w il l cover the  co ns ide ra tion s  fo r d e te rm in in g  

the  in p u ts  (fea tu res  usefu l fo r  c la ss ifica tion ) and  o u tp u ts  (p o te n t ia l c lass ifiab le  hy­

d ro m e te o r types) fo r the  system , and the  d e f in it io n  o f  the  fuzzy sets and fuzzy  

ru lebase fo r the  h yd rom e te o rs  c lass ifica tion  p ro b le m . In  a d d it io n , a u to m a tic  fine- 

tu n in g  the  pa ram ete rs  o f  the  system  is m ade a va ilab le  b y  the  neu ro -fuzzy  lea rn ing  

a lg o r ith m  in tro d u c e d  in  th is  chap te r. T he  fuzzy  log ic  c la ss ifica tio n  a lg o rith m  is 

im p le m e n te d  by us ing  an o b je c t-o rie n te d  p ro g ra m m in g  m e th o d . T h is  im p lem en­

ta t io n  is s u ita b le  fo r m o d if ic a tio n  and expansion  o f  the  designed system  w ith o u t 

s ig n ific a n t the  e ffo rt, w h ich  p rov ides a conven ien t w ay to  im p ro ve  perform ances o f  

the  system  w ith  a c c u m u la tio n  o f  m ore e m p ir ic a l and th e o re tic a l know ledge a bo u t 

the  c la ss ifica tion  issue.

3.1  G en era l S y s te m  D e sc r ip tio n

T h e  fuzzy log ic  system  discussed here is in ten d ed  to  in fe r  the  possib le  hyd rom ­

e teor types based on the  ava ilab le  p o la r im e tr ic  ra d a r obse rva tions  by using fuzzy 

log ic reasoning. T h e  fuzzy  log ic  reasoning is d iffe re n t fro m  th e  conven tiona l rea­

soning. w here i t  is an a p p ro x im a te  reasoning m e th o d  w h ich  can de rive  a decision
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from  inprec ise  (o r biased) o r in com p le te  in fo rm a tio n  fro m  in p u ts . T h e  p o la r im e t-  

ric  ra d a r m easurem ents re flect the  average ch a rac te ris tics  o f the hydrom eteo rs  in 

the ra d a r re so lu tio n  vo lum e: there fo re , the  in fe rred  re su lt is the  b u lk y  h yd ro m - 

eteor typ e  instead  o f  p o in t-w ise  h yd rom e te o r type . T h e  fuzzy log ic  system  fo r 

h yd rom ete o r typ e  ch iss ifica tiou  is described based on the  in p u ts  and o u tp u ts  o f 

the system .

3.1 .1  O u tp u t  o f  th e  S y s te m

In  th is  w o rk , th e  goa l o f  the  fuzzy  log ic  system  is to  derive  h yd ro m e te o r types 

from  re m o te ly  sensed ra d a r da ta . T he re  are a va rie ty  o f  hydrom eteors, w h ich  can 

bo ca tegorized  g e n e ra lly  as liq u id  w a te r and  frozen ice. L iq u id  w a te r can be fu r th e r  

classified as c lo u d  d ro p le t, d rizz le , m e d ium  ra in , heavy ra in , and supercoo led  ra in  

drop. T h e  frozen ice can be m ore sp e c ifica lly  d is c r im in a te d  based on shape and 

dens ity  as d ry  snow, ice c ry s ta l, wet snow d ry  g raupe l. wet g raupe l. sm a ll h a il and 

large? h a il. These are s ing le  h yd rom e te o r types. In  p ra c tice , however, p re c ip ita t io n  

often is a m ix tu re  o f  d iffe re n t h yd ro m e te o r types. T h is  increases the  possib le  m ix ­

tu re  s ta tes  o f  hyd rom eteors , the re fo re , the  c o m p le x ity  o f  the  c la ss ifica tion  p rob lem  

is enhanced g re a tly .

In  th is  s tud y . 10 categories have been chosen to  be the  o u tp u ts  o f  the  clas­

sifie r (as shown in  ta b le  3 .1). F rom  the  fuzzy  log ic system  v iew , the  o u tp u ts  are 

sing letons. T h e re  are m ore p o ss ib ilit ie s  o f  h yd rom e te o r states, b u t th is  fuzzy  log ic  

c lass ifica tion  system  prov ides o n ly  the  d o m in a n t h yd rom e te o r type  in  m ixed  s ta te  

p re c ip ita tio n .

D iffe re n t hyd rom eteors  arc d iffe re n t in  m any aspects, such as size, shapes, 

preferred o r ie n ta t io n , dens ity , d ie le c tr ic  co ns ta n t, e tc.. T y p ic a l shapes fo r the  fo u r 

basic hyd rom eteo rs . ra in . snow, g ra up e l a nd  h a il, are show n in  F ig u re  3 .1 (a )-(d ). 

respective ly. ( P ruppache r, 1997)
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( c ) ( d  )

F ig u re  3.1: Shapes o f  the  fo u r  basic h yd rom e te o r types (a ) shape o f  ra in d ro p s  (b ) 
M a jo r  shapes o f snow  c ry s ta ls  (c) g raupe l p a rtic le s  (d ) h a ils ton e s  (P ru p p a ch e r. 
1997)
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T a b le  3.1: O u tp u t  o f  the  fu zzy  c lass ifie r system
H y d ro m e te o r T y p e C la ss ifie r O u tp u t C

d rizz le 1

ra in 2

d ry  ice c ry s ta l 3
h igh  d en s ity  d ry  ice c ry s ta l 4

wet ice c ry s ta l 5
d ry  g ra u p e l 6

wet g ra u p e l 7
sm a ll h a il 8

large h a il 9
ra in  +  h a il 1 0

F ig u re  3.L (a) shows the shape o f  ra in d ro p s . E q u iva le n t rad ius  o f  d ro ps  is 

g iven by to p  row . fro m  le ft to  r ig h t :  4.00. 3.G8. 2.90 m m : second row . fro m  le ft 

to  r ig h t: 2 .Go. 1.75. 1.35 nun : th i r d  row . fro m  le ft to  r ig h t 393. 354. 155 /m i. 

D rops  in  th ir d  row  were p rin te d  c o m p a ra tiv e ly  la rge  to  show  sp h e ric ity . The 

shape o f  s m a ll ra in d ro p s  is sp he rica l. W hen  ra in  d rops ize  increases, th e y  become 

o b la te . F ig u re  3.1 (b ) shows th e  m a jo r  shapes o f  snow  c rys ta ls : to p  row . from  

le ft to  r ig h t :  s im p le  p la te , d e n d rite , c ry s ta l w ith  b road  branches: second ro w . from  

le ft to  r ig h t  so lid  co lu m n , h o llo w  co lu m n , shea th ; th ird  row . fro m  le ft to  r ig h t 

b u lle t , c o m b in a tio n  o f  bu lle ts , c o m b in a tio n  o f  needles. F ig u re  3.1 (c) show g ra up e l 

p a rtic le s  o f  va rious  sizes. D is tance  between lines on  co lle c tio n  p la te  is 2  m m  scale 

in  figure . F ig u re  3.1 (d ) shows th in  sections o f  ha ils tones. M a x im u m  d ia m e te r o f 

h a ils to n e  on  to p  row : 4cm ; m a x im u m  d ia m e te r o f  ha ils ton e  on second ro w : 1.8 

cm . W e can see th a t w ith  increas ing  size, h a ils tones  become m ore  ob la te  in  v e rtic a l 

d ire c t io n .

T h e  d iffe rence  in  size, shapes, p re fe rred  o r ie n ta t io n , c a n tin g  angle, dens ity , d i­

e le c tr ic  co n s ta n t, e tc . am ong  d iffe re n t h yd rom e te o rs  m ay re su lt in  d iffe re n t ra d a r
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T able  3.2: Values o f  p o la r im e tr ic  m easurands fo r various h yd ro m e te o r typos
11 Z fl

(d B Z )
Z j r

(d B )
iPfc«-(0)| A  dp 

(deg k m ~ l )
L D  /? /, 

(d B )
D rizz le < 2 5 0 > 0 .99 0 < -3 4

Rain 25 to  60 0.5 to  4 > 0 .9 7 0  to  1 0 -27  to  -34
D ry  Snow < 3 5 0 to  0.5 >0 .99 0 to  0.5 < -3 4

Dense Snow < 2 5 0 to  5 > 0 .95 0  to  1 -25 to  -34
Wet Snow < 45 0  to  3 0.8 to  0.95 0  to  2 -13  to  -18

D ry  G ra up e l 40 to  50 -0.5  to  1 > 0 .99 -0.5 to  0.5 < -3 0
W et G ra up e l 40 to  55 -0 .5  to  3 > 0 .99 -0.5 to  2 -20 to  -25

S m a ll H a il < 2 cm 50 to  60 -0.5 to  0.5 > 0 .95 -0.5 to  0.5 < - 2 0

Large  H a il > 2 em 55 to  70 < -0 .5 > 0 .96 - 1  to  1 -10  to  -15
R ain H a il 50 to  70 - 1  to  1 > 0 .9 0  to  1 0 - 2 0  to  - 1 0

s ignatu res. As a consequence, c la ss ifica tio n  based on ra d a r m easurem ents p o te n ­

t ia l ly  is possible.

3 .1 .2  In p u t o f  th e  S y s te m

There  are m any p o la r im e tr ic  ra d a r m easurem ents w h ich  are h ig h ly  re la ted  

to  the  b u lky  h yd ro m e te o r ty p e . F o r lin e a r p o la r iz a tio n  m easurem ents, the  five 

param eters. Z /,. Z<ir. A'rfp. L D R . and  p/u, c o n ta in  in fo rm a tio n  a b o u t h yd rom e te ­

ors in  a rada r re so lu tio n  vo lu m e . T h e  th resho lds  o f these param ete rs  re la ted  to  

the  1 0  h yd rom e teo r types are  g iven  by  D o v ia k  and  Z rn ic  (1993) are  lis te d  in  T a ­

ble 3.2. Using b o th  lin e a r and  c irc u la r  basis m easurem ents is a p o te n t ia l!} ' useful 

fram ew ork  fo r h yd ro m e te o r ty p e  c la ss ifica tio n  (B r in g i and chandrasekar. 2000). 

However, the cu rre n t a va ilab le  ra d a r pa ram e te rs  from  C S U -C H IL L  ra d a r are o n ly  

lin e a r p o la r iz a tio n  m easurem ents. T h e re fo re , we m a in ly  chose the  five  lin e a r po­

la rized  radar param ete rs  (Z /,. Z^r- K<ip- L D R  and ptiv) as the  in p u ts  to  the  fuzzy 

log ic  system fo r h yd ro m e te o r c la ss ifica tio n . T h e  fo llo w in g  p rovides d iscussion  o f  

p o te n tia l c o n tr ib u tio n s  o f  these pa ram ete rs  to  the  c lass ifica tion  issue.
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(1) Reflectivity fac tor  at horizontal polarization Z/t :

Z/t was defined in  se c tion  2.1.1.3. Z/, is p ro p o r t io n a l to  the  received pow er at 

h -p o r t w lien  tra n s m itte d  s ig n a l is h o r iz o n ta lly  p o la rize d . T h e  received pow er is 

p ro p o rt io n a l to  the  mean cross-section  o f  th e  h yd rom e te o rs  in  th e  ra d a r re so lu tio n  

vo lum e. To some degree. Z/, con ta in s  th e  in fo rm a tio n  a b o u t th e  h yd rom e te o rs  size 

(on average). A p p ro x im a te ly . Z/, varies between 25 d B Z  and 60 d B Z  fo r  ra in : fo r 

snow. Z/, is ty p ic a lly  less th a n  35 d B Z : fo r  g ra up e l. Z/, varies in  the  range 40 to  55 

d B Z : fo r ha il. Zft varies in  th e  range 50 to  70 d B Z  (D o v ia c  and  Z rn ic . 1993). I t  is 

ve ry  c lea r Z/, a lone ca nn o t d is c r im in a te  between d iffe re n t h yd rom e te o rs . because 

the re  is extensive o v e r la p p in g  o f  Z/, a m o n g  d iffe re n t h y d ro m e te o r types.

(2) Differential Reflectivity Z dr:

As defined in  section  2 .1 . 1 .3. Z dr is th e  ra t io  o f  Z/, and Z v. w here  Z/, is the  

re f le c t iv ity  fac to r a t h o r iz o n ta l p o la r iz a t io n . Z t. is th e  re f le c t iv ity  fa c to r  a t ve rtic a l 

p o la r iz a tio n . Z</r can be w r i t te n  as.

Z dT =  m o g ( Z h/ Z v) (3.1)

Z j r is a good in d ic a to r  o f  m ean shape o f  p re c ip ita t io n  p a rtic le s  and  can be used to  

in d ic a te  the  reg ion o f frozen  p re c ip ita t io n , and  to  id e n t ify  la rge  ra in  d rops , sm a ll 

h a il, and g raupe l. as w e ll as la rge h a il.

•  Z dr s igna tu re  fo r ra in d ro p :

For ra ind rops  w ith  e q u iva le n t d ia m e te r  g rea te r th a n  1 m m . th e ir  shapes can 

be app ro x im a te d  by  o b la te  sphe ro ids  w ith  m a jo r  axes in  th e  h o rizo n ta l. 

There fo re . Z/, is g re a te r th a n  Z,.. w h ich  resu lts  in  Z dr g re a te r th a n  zero 

d B . For sm a ll ra in d ro p s , th e ir  shape is very close to  sp he rica l, the n  Z dr is 

a p p ro x im a te ly  zero.
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•  Z dr s igna tu re  fo r h a il:

O n  the average, s m a ll h a il is sp he rica l. As a resu lt. Z dr is a p p ro x im a te ly  

zero (IB . For la rg e r h a il, even th o u g h  th e ir  shapes m ay n o t be spheres, th e y  

tu m b le  and assume ra n d o m  o r ie n ta io n  and on the  average Z dT is close to  

zero. W hen th e ir  shapes a re  o b la te  w ith  th e ir  m a jo r a x is  in  the  v e rtic a l. 

Z dr is negative. T h e  d ie le c tr ic  co ns ta n t and the  size o f th e  h a il p a rtic le s  can 

affect the value o f  Z dr. L a rge  ha ils ton e s  w ith  the  same shape and  o r ie n ta t io n  

;is sm a lle r ones have d iffe ren t, d iffe re n tia l re f le c tiv ity  i f  th e  s c a tte r in g  is in  

the  M io  region.

•  Z,/r s igna tu re  fo r  ice p a rtic le s :

Z dr is close to  zero fo r  m ost ice pa rtic les , n o rm a lly  fa lls  between —0.5 and 

4-0.5 dB . However, h ig h  Z dT can  be found in  the  reg ion o f  m e lt in g  aggre­

gates. or p r is t in e  p la te - lik e  c ry s ta ls , o r supercoo led w a te r d rops  above freez­

ing  level.

(■']) Differential Propagation Phase Sh ift  K dp:

W hen  a p lane wave p ropaga tes  th ro u g h  p re c ip ita tio n , the  phase o f  the  wave 

s h ifts  as the  p ro p a g a tio n  d is ta n ce  increase. T h e  d iffe rence o f  th e  phase s h if t  be­

tween p ro pa g a tio n  th ro u g h  p re c ip ita t io n  and  c lea r a ir  is ca lled  the  p ro p a g a tio n  

phase s h ift. T h e  d if fe re n tia l p ro p a g a tio n  s h if t  {odp) is defined as the  d iffe rence  

between the  p ro p a g a tio n  phase s h if t  fo r  h o r izo n ta l and ve rtica l p o la r iz a tio n . K dp 

is th e  d e riva tive  o f  o dp w ith  respect to  the  range.

•  K dp s igna tu re  fo r  ra in :

K dp is very sens itive  to  n o n is o tro p ic  m ed ium  such as ra in , the re fo re , the  range 

o f  K dp fo r ra in  can be as la rg e  as 1 0  d e g /k m  depend ing  on th e  frequency. 

f \ dp is close to  zero fo r  s m a ll sp h e rica l drops.
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•  K,if, s ig n a tu re  fo r  ice p a rtic le , h a il, and g raupe l

A’,/,, is in se ns itive  to  is tro p ic  m ed ia  such as ice p a rtic le , h a il, and g ra u p e l. so 

K,ip is n o rm a lly  ve ry  s m a ll w ith  respect to  these liy d ro m e tc o r types. However, 

when h yd ro m e te o r p a rtic le s  s ta r t  m e ltin g , the y  are coated w ith  w a te r o u ts ide , 

w h ich  cause the  increases o f  A ^ p d ra m a tic a lly .

(4) Correlation Coefficient at zero lag Phv(0):

T h e  c o rre la tio n  co e ffic ie n t between h o r iz o n ta lly  and  v e r t ic a lly  po la rized  echoes 

(p/n.( 0 )) is a ffected m a in ly  by  the  v a r ia b i l i ty  in  the  ra t io  o f  the  v e rt ic a l- to -h o r iz o n ta l 

size o f  in d iv id u a l hyd rom e te o rs , and the  o r ie n ta tio n  o f  hydrom eteors. M a n y  fac­

to rs  can decrease phv . such as. e c c e n tr ic ity  d is tr ib u t io n ,  d ro p  o sc illa tio ns , c a n tin g  

angle v a r ia tio n , change in  d if fe re n t ia l phase s h ift on backseat te r. e tc .(B r in g i and 

C handrasekar. 2000).

•  Phv(0 ) s ig n a tu re  fo r ra in :

The  phv(0) fo r  pu re  ra in  n o rm a lly  is h igh  ( >  0.97) because o f  th e  sm a ll 

v a r ia tio n  in  o r ie n ta t io n  and  shape. (B r in ig  and C handrasekar. 2000)

•  Phr(0) s ig n a tu re  fo r  g ra u p e l and ha il:

T h e  p/lL.(0 ) fo r g ra up e ls  and  h a il is gene ra lly  sm a ll due to  the  ir re g u la r  shape 

and va ria b le  o r ie n ta t io n .

•  phr(0) s ig n a tu re  fo r  m ix e d  phase p re c ip ita tio n :

D ue to  d iffe re n t d ie le c tr ic  co ns ta n t, w ide v a r ia t io n  o f  size and shape d is t r ib u ­

tio n . s c a tte r in g  c h a ra c te ris tic s  o f  pa rtic les  are n o t co rre la ted , and as a re su lt 

p/,r(0 ) in  m ixed  phase p re c ip ita t io n  is s ig n if ic a n tly  less.

(5) Linear Depolarization Ratio LD R:
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T in ' factors th a t resu lt in  L D R m  m ake it  use fu l in  id e n tify in g  bu lk  hy­

d rom e teo rs  and reg ion o f  m ixed  phase h y d ro m e te o r types. T he  lowest values o f  

L D R / U {< —34dB ) gene ra lly  in d ica te d  d ry . low  d e n s ity  sn o w .S lig h tly  larger va l­

ues o f  L D R hv(-'2~ to  -34 d B ) are found  in  ra in  w ith  la rg e r values fo r deform ed o r 

canted  d rops. L n a lig n e d  o r n on -spherica l o f  m ixed  phase p re c ip ita t io n , wet snow 

and h a il, cou ld  resu lt in  h ig he r L D R  va lues such as -18 to  -12 d B .

F rom  the  above ana lysis, the  five  ra d a r  p o la r im e tr ic  m easurem ents in t im a te ly  

are tie d  w ith  hyd rom eteo r types, and  each o f  them  in d iv id u a lly  can n o t be used 

to  d e rive  the  hydrom eteo r types. F ive  o f  th e m  to g e th e r p ro v ide  m ore  in fo rm a tio n  

a b o u t the  hydrom eteors, there fo re  these five  ra d a r m easurem ents are chosen as 

in p u ts  fo r the  fuzzy c lass ifie r system . T h e  c o m p le x ity  o f  the  h yd rom ete o r c lassifi­

c a tio n  p rob lem  is fa r beyond w h a t a s im p le  th re s h o ld in g  decis ion  m e tho d  can deal 

w ith .  T h is  can be seen c le a rly  in  F ig u re  3.2 where the  th resho lds  in  tab le  3.2 is 

re-represented by fo u r 2 -D im ens iona l space d ia g ra m s  (i.e .. Z h vs. Z dr. Z/, vs. f \ dp. 

Z/t vs. L D R . Z/, vs. phv)-

3 .2  A r ch ite c tu re  o f  a  fu zzy  h y d r o m e te o r  c la ss ifier

T o im p lem en t the  hyd rom e teo r c la s s ific a tio n  us ing  fuzzy  log ic  (fuzzy  hydrom - 

e teo r c lass ifie r, hence fo r th  re ferred  as F H C ) .  the  fo u r  genera l b locks (fuzzification . 

IF -T H E X  ru le  inference, aggregation send defuzzification) need to  be specified. The  

b lo ck  d ia g ra m  o f the  F H C  is shown in  F ig u re  3.3. Zh- Z dr• Rdp■ L D R . pllc. and 

a lt itu d e  o f  the  observa tion  (H ). are the  s ix  in p u ts , and  the  h yd ro m e te o r Class. C. 

is the  o u tp u t.  The  F H C  w il l  in fe r the  h y d ro m e tc o r ty p e  C  fro m  6  in p u ts  based 

on a ru lebase defined fo r th is  specific  c la ss ifica tio n  p ro b le m . Tab le  3.1 lists the 

1 0  classes used in in ference o f  sum m er s to rm s . T h e  d e ta ile d  b lock  d iag ram  o f  the 

Fuzzy H yd ro m e teo r C lass ifie r is shown in  F ig u re  3.4.
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Figure 3.2: (a) Z h - Z +  domain for different hydrometeors (b) Z h - K +  domain 
for different hydromctcors (c) Z h - L D R  domain for different hydromctcors (d) Z * 
- domain for different hydrometeors
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F ig u re  3.3: B lo c k  schem e o f  the  fuzzy  c lass ifie r

T h e  c lass ifica tion  p ro ced u re  o f  F H C  shown in  F ig u re  3.4 can  be described 

as the  fo llo w in g : F irs tly , th e  5 ra d a r m easurem ents and  a lt itu d e  are fuzzified  by 

u s in g  m em bersh ip  fu n c tio n s  (M B F s ) .  T h e re  are 10 M B F s  fo r each o f  the in p u t 

va ria b les  in  the system . A f te r  fu z z if ic a t io n , the  IF -T H E X  ru le  in ference  is carried  

o u t based on the rulebase fo r  th e  c la ss ifica tio n  system . T o  achieve the  to ta l effect 

o f  a ll the  rules, ru le  a g g re g a tio n  is a p p lie d . T h e  last s tep  is d e fu zz ifica tio n , w h ich  

can co nve rt aggregation  re su lt to  a s ing le  h yd rom e te o r type .

3 .3  M em b ersh ip  F u n c tio n  D e te r m in a t io n

T h e  purpose o f  fu z z ific a tio n  is to  co nve rt precise in p u t  m easurem ents to  fuzzy 

sets w ith  co rrespond ing  m e m b e rsh ip  degree. T h e  sp e c ifica tio n  o f m em be rsh ip  func­

t io n s  is c r it ic a l to  c la ss ifica tio n  p e rfo rm an ce . .T w o  d iffe re n t sets o f  m em bership  

fu n c tio n s  are used, one fo r s u m m e r s to rm s  and the  o th e r w in te r  s to rm s . Ten fuzzy 

sots co rrespond ing  to  the  1 0  h y d ro m e te o r types are spec ified  fo r each o f  the s ix 

in p u t va riab les  fo r sum m er s to rm s . S im ila r ly , five fuzzy  sets co rre sp on d ing  to  the 

h y d ro m e te o r types (nam ely, d r iz z le , ra in , d ry  ice c ry s ta l, o rien ted  ice c rys ta l, and 

wet ice c ry s ta l)  are specified  fo r  each o f  th e  s ix  in p u t va riab les  fo r  w in te r  storm s. 

Each fuzzy  set is represented b y  a m e m b e rsh ip  fu n c tio n , denoted  as M B F L j.  where 

the  in d e x  i corresponds to  th e  s ix  in p u ts , the  index j  corresponds to  the  fuzzy sets. 

T h e  in d e x  j  takes values 1 th ro u g h  10 fo r  sum m er s to rm s  and 1 to  o fo r w in te r 

s to rm s .
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3 .3 .1  1 -D  M e m b e r sh ip  F u n ctio n s

Several fu n c tio n a l fo rm s can  p rov ide  adequate re p re se n ta tio n  o f  m em bersh ip  

fu n c tio n s , such as tr ia n g u la r , tra p e zo id a l. G aussian shapes. S and  Z curves, and 

B eta  fun c tio ns . In  th is  s tudy, a B e ta  fu n c tio n  is chosen to  d escribe  m em bersh ip  

fu n c tio n  fo r fo llo w in g  reasons: a) In  the h yd ro m e te o r c la s s if ic a tio n  p ro b le m , we 

expect m ost m em be rsh ip  fu n c tio n s  to  have a w ide , f la t re g ion  in  w h ic h  the  m a x­

im u m  value is 1 . O ne h y d ro m e te o r type such as ra in  can have a w id e  range o f  

re fle c tiv ity . In  o th e r w ords, the re  is no p re fe rred  o r u n ique  va lu e  o f  re f le c t iv ity  fo r 

ra in , b u t a p re fe rred  reg ion  such as 25 to  60 d B Z . T h e  best M B F  to  represent th is  

is by means o f a f la t fu n c tio n  ove r the  pre fe rred  reg ion  th a t ta p e rs  o ff  o u ts id e  the  

p re fe rred  range. T h e  B e ta  fu n c tio n  has the  desired ch a ra c te ris tic s : the re fo re , i t  

is chosen as the  fo rm  o f  the  m em bersh ip  fun c tio ns . In  a d d it io n ,  a B e ta  fu n c tio n  

has a long  ta i l,  w h ich  im proves th e  robustness o f  F H C . T h e  d e r iv a tiv e  o f  the  B e ta  

fu n c tio n  is co n tin u ou s  and  th is  fea tu re  is useful fo r  a u to m a tic  a d ju s tm e n t o f  the  

param ete rs  th a t w i l l  be needed fo r  deve lopm ent o f  a n e u ro -fu zzy  sys tem .

T he  B e ta  m em bersh ip  fu n c tio n  is defined as

Drta(.r. m. a. b) =  — ■ -Tyr (3-2)

It can be seen from  ( 3 .2 ) th a t th ree  param eters define the  shape o f  a B e ta  fu n c tio n , 

nam ely, cen te r o f  the  fu n c tio n  m . th e  w id th  a and the  s lope b (show n  in  F ig u re  3 .5). 

T y p ic a l one d im e n s io n a l m e m b e rsh ip  func tions  fo r Z/, are show n  in  F ig u re  3.6 fo r 

sum m er s to rm s  and  F ig u re  3.7 fo r  w in te r s to rm s. These 10 m e m b e rsh ip  fu n c tio n s  

are rep resen ta tions o f  th e  10 Fuzzy Sets o f Z * .  T h e  co rre sp o n d in g  th ree  param ete rs  

(ni. a. b) are lis te d  in  T ab le  3.3. For each cu rve  o f  m e m b e rsh ip  fu n c tio n , the  

h o r izo n ta l ax is  is the  va lue o f  Z /t . and  the ve rtic a l ax is  s tands  fo r  the  m em bersh ip  

degree o f  Z h co rre sp on d ing  to  th a t  fuzzy set. In  a fuzzy lo g ic  sys tem , fuzzy sets, 

instead o f  precise values, are used to  represent in p u t va riab les . F o r exam ple , i f  we
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F ig u re  3.5: B e ta  fu n c tio n

Tab le  3.3: T ab le  fo r Zh M B F  C oe ffic ien ts
M B F m a b

M B F l - 1 0 . 0 0 0 0 0 25.69000 25.49000
M B F 1 -2 42.50000 18.17000 18.32000
M B F  1-3 0 . 0 0 0 0 0 35.70000 35.04000
M B F 1 -4 0.00003 25.69309 25.48988
M B F  1-5 0 . 0 0 0 0 0 45.70000 44.59000
M B F l - 6 44.99999 5.58037 6.28998
M B F 1 -7 47.50000 8.10922 8.72278
M B F 1 -8 55.00000 5.58000 6.29000
M B F 1 -9 70.00000 15.67000 15.93000
M B F l-1 0 70.00000 20.68000 20.71000

have Zh w ith  40 d B Z . i t  belongs to  th e  drizzle  set w ith  m em be rsh ip  degree 0. to  the

rain set w ith  m em bersh ip  degree 1  to  th e  Dry Graupel set w ith  m em bersh ip

• degree 0 . 8  to  the ra in  and h a il m ix tu re  w ith  m em be rsh ip  degree 0 .

O ne d im e ns ion a l m em bersh ip  fu n c tio n s  a re  used to  represent K dp. L D R  and 

Phv fo r  a ll h yd rom e te o r typ e  fuzzy  sets. Tab les  3.4. 3.5 and  3.6 lis t the pa ram ete rs  

fo r th e ir  respective  m em bersh ip  fun c tio ns . F ig u re  3.8. 3.9. a nd  3.10 show th e  curves 

o f th e  m em bersh ip  func tions . I t  is easy to  n o tic e  th a t th e  s lope o f m em bersh ip  

fu n c tio n s  fo r  L D R  is sm a ll com pared w ith  o th e r  ra d a r m easurem ent va riab les. T h is  

is based on the  fact th a t L D R  is m ore  n o isy  com pared  to  o th e r m easurem ents. 

D ecreasing the  slope is equ iva len t to  in c re as ing  the  robustness o f  the  p a ram ete r. 

T h e  m em bersh ip  fu n c tio n  o f  a lt itu d e  is d ep e nd e n t on lo c a tio n  and season. T he  

m ost im p o r ta n t  param ete r here is the  m e lt in g  leve l. In  a d d it io n , the  a lt i tu d e  o f  the
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Membership Functions of Zh (for Summer Storms)
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F ig iin 1 3.C: M e m b e rsh ip  fu n c tio n s  fo r Fuzzy V a r ia b le  Zh (in  d B Z ). and il lu s t ra t io n  
o f  the  fu z z ific a tio n  o f  Z/, to  its  10 fuzzy sets.
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F igu re  3.7: M em be rsh ip  fu n c tio n s  fo r F uzzy V a ria b le  Z/,. and il lu s tra t io n  o f  th e  
fu z z ific a tio n  o f Z/, to  its  6  fuzzy  sets fo r  w in te r  s to rm s.

m e lt in g  level depends on the  season. T h e re  are a to ta l o f  90 m em bersh ip  fu n c tio n s  

(CO fo r sum m er. 30 fo r w in te r) .  The  m e m b e rsh ip  fu n c tio n s  w il l  get fine tuned  over 

tim e  when m ore in -s itu  d a ta  are observed.

3 .3 .2  2 -D  M em b e rsh ip  F u n ctio n s

The  m em bersh ip  fu n c tio n s  fo r Zdr need to  be specified w ith  Z /t . I f  the m ea­

surem ents o f  Zdr a rc  p h ys ica lly  independen t o f  o th e r  ra d a r m easurem ents such 

as Z/,. then  one d im e ns ion a l m em bersh ip  fu n c tio n s  are adequate  to  represent th e  

fuzzy sets. T he  co rre sp on d ing  1-D  m em bersh ip  fu n c tio n s  are shown in  F igu re  3.11. 

and th e ir  param ete rs  are lis te d  in  tab le  3 .7. M u lt i-d im e n s io n a l m em bersh ip  fu n c ­

tio ns  can be used to  represent c o m b in a tio n a l fuzzy  sets. Le t / rain_c/i be the  one

1 0 5 a
Rain

(MBF1-2)

Q 2 a Aa
DrySnow

(MBF1-3)

CL 111 2 a
Oriented IceCrystal 
(MBF1y4)________

Q ±Q. 2 a 50

WetSnow

(MBF1-5)

Membership Functions of Zh (for Winter Storms)

(MBF1-1)
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T ab le  3.4: T a b le  fo r I\dp M B F  C oe ffic ien ts

M B F m a b
M B F 3 -1 0 . 0 0 0 0 0 0.15000 1.66000
M B F 3 -2 1 1 . 0 0 0 0 0 11.13000 58.17000
M B F 3 -3 0.25000 0.33000 2.61000
M B F 3 -4 0.50000 0.59000 4.01000
M B F 3 -5 1 . 0 0 0 0 0 1 . 1 1 0 0 0 6.67000
M B F 3 -6 0 . 0 0 0 0 0 0.59000 4.01000
M B F 3 -7 0.75000 1.36000 7.98000
M B F 3 -8 0 . 0 0 0 0 0 0.59000 4.01000
M B F 3 -9 0 . 0 0 0 0 0 1 . 1 1 0 0 0 6.67000

M B F 3 -1 0 1 1 . 0 0 0 0 0 11.13000 58.17000

T ab le  3.5: T a b le  fo r  L DR M B F  C oe ffic ien ts
M B F in a b

M B F 4 -1
M B F 4 -2
M B F 4 -3
M B F 4 -4
M B F 4 -5
M B F 4 -6
M B F 4 -7
M B F 4 -8
M B F 4 -9

M B F 4 -1 0

-38.00000
-30.50000
-38.00000
-29.50000
-15.50000
-38.00000
-22.50000
-38.00000
-12.50000
-15.00000

4.82000
3.99504
4.83609
5.34000
3.21564
8.94409
3.26213
19.07000
3.21000
5.87000

3.73000
3.69757
3.71487
4.03000
2.77366
6.13533
2.75770
11.96000
2.78000
4.34000
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Membership Functions of Kdp (for Summer Storms)
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Figure* 3.8: M e m b e rsh ip  fu n c tio n s  fo r Fuzzy V ariab le  I \ dp ( in  d e g /k m ),  and il lu s ­
t ra t io n  o f  the  fu z z ific a tio n  o f  K dp to  its  1 0  fuzzy  sets.
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Membership Functions of Ldr (for Summer Storms)
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F igu re  3.9: M em be rsh ip  fu n c tio n s  fo r Fuzzy V a ria b le  L D R .  and il lu s tra t io n  o f  the 
fu zz ific a tio n  o f  L D R  to  its  10 fu zzv  sets.
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Membership Functions of Rho (for Summer Storms)
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F ig u re  3.10: M e m b e rsh ip  fu n c tio n s  fo r F uzzy  V a r ia b le  p/i r . and  i l lu s t ra t io n  o f  the  
fu z z ific a tio n  o f  pitv to  its  1 0  fuzzy  sets.
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T a b ic  3.6: T ab le  fo r  p/,L. M B F  C oe ffic ien ts
M B F m a b

M B F 5 -1 1 . 0 0 0 0 0 0 . 0 1 0 0 0 1.86000
M B F 5 -2 1.00009 0.03914 3.41000
M B F 5 -3 1 . 0 0 0 0 0 0 . 0 1 0 0 0 1.86000
M B F 5 -4 1 . 0 0 0 0 0 0.06000 4.82000
M B F 5 -5 0.88010 0.08069 6.54000
M B F 5 -6 0.99924 0.01377 1.85998
M B F 5 -7 0.99952 0.01288 1.85999
M B F o - 8 1 . 0 0 0 0 0 0.06000 4.82000
M B F o -9 1 . 0 0 0 0 0 0.05000 4.12000

M B F 5 -1 0 1 . 0 0 0 0 0 0 . 1 1 0 0 0 S.24000

d im e n s io n a l m e m b e rsh ip  fu n c tio n  fo r  ra in  set w ith  respect to  in p u t va ria b le  Z /j. 

fmm -zh fa n  be w r it te n  as.

frai,,-zh(Z,t ) =   ̂  ̂ ^  -42.5 1K..T2 (3 ‘3 )

S im ila r ly . f rain_zdr- the  one d im e n s io n a l m em be rsh ip  fu n c tio n  fo r ra in  set w ith  

respect to  Z dr. can be w r i t te n  as.

fra in^dr(Zdr) =   ̂  ̂ ^  £./ r -2.25 y j j ir,.:>-I (3 ‘ ‘i )

I f  Z h and  Z dr are tre a te d  as in d e p e n d e n t variab les fo r  ra in , then  in  a 2 d im e ns ion a l 

Zh - Z dr space, th e  m e m b e rsh ip  fu n c tio n  fo r  ra in  set w ith  respect to  Z/, and Z dr 

can be expressed as. the  p ro d u c t o f  fram ^h  and f rain-zdr-

frain~zhzdr[Zh - Z dr) frain-zh(Zh) ' jrain=zdr{Zdr) (3 .o)

frain_zhzdr(Zh- Z dr) is show n in  F ig u re  3 .12 (a ) and its  co n to u rs  are show n in  F ig ­

ure 3 .1 2 (b ).

T h e  ra d a r m easurem ents Z/, and  Z dr are n o t independen t in  ra in fa ll .  F o r 

exam p le , the  m a x im u m  excurs ion  o f  Z dr is re la ted  to  the  va lue  o f  Z/, fo r ra in . T h is  

fea tu re  can be seen fro m  the  s c a tte r p lo t  o f  Zdr vs. Z/, fro m  ra in  d a ta  shown .in
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Membership Functions of Zdr (for Summer Storms)
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F ig u re  3.12: (a )2 D  m em bersh ip  fu n c tio n  o f  Z /t and  Z dr fo r  ra in  set (b ) c o n to u r o f  
the  2 D m em bersh ip  fu n c tio n  (c) C o n to u r o f  2D  m em bersh ip  fu n c tio n s  o f  d rizz le  
and ra in  w ith  s c a tte r p lo t o f  Z dr vs. Z/, fo r ra in
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T a b ic  3.7: T a b le  fo r  Z d r M B F  (1 -D ) C o e ffic ien ts

M B F m a b
M B F 2-1 0.5500 0.6500 6.2480
M B F 2 - 2 0.5950 0.5950 5.6082
M B F 2 -3 0.2498 0.3074 3.4985
M B F 2 -4 2.5000 2.5800 22.5046
M B F 2 -5 1.5000 1.5800 14.1307
M B F 2 -6 0.2500 0.8200 7.8093
M B F 2 -7 1.2500 1.8300 16.2198
M B F 2 -8 0 . 0 0 0 0 0.5600 5.6802
M B F 2 -9 - 2 . 0 0 0 0 1.5800 14.1307

M B F 2 -1 0 0.0019 1.1829 9.9322

F ig u re  3 .12 (c) as (B r in g i e t a l. 1991). A l l  the  { Z h -  Z ^ r ) pa irs  lie  in  a sm a ll 

p o r tio n  o f  the  tw o  d im e ns ion a l Zh- 2 Y  d o m a in  o f  F ig u re  3 .12 (a ). There fo re , we 

have to  m o d ify  the  2 D  m em bersh ip  fu n c tio n  g iven  by( 3 .5 ).

To b u ild  the  2 D  m em bersh ip  fu n c tio n  fo r  the  "R a in " m e m ber in  th e  2D  fuzzy 

set Z h and  Z^r- c o n to u r curves o f  0.99 and  0.50 m e m b e rsh ip  degrees in  the 2D 

(Z h ■ Z tir) d o m a in  need to  be spec ified . How ever, no th e o re tic a l m e tho d  exists fo r 

d e fin in g  these c o n to u r curves. A n  e x p e rim e n ta l m e tho d  is adop ted  here, w hich is 

based on ra in  sam p le  d is t r ib u t io n  in  the  2D  p lane  (as show n in  F ig u re  3 .12(c)). 

A  g ro u p  o f  d isc re te  d a ta  pairs on  th e  0.99 m em bersh ip  degree c o n to u r curve and 

0.50 degree c o n to u r cu rve  is chosen, w h ich  is lis te d  in  the  T a b le  3.8. In  th is  tab le . 

A 'i 's  are the  p o in ts  on  the  b o tto m  p a r t o f  the  0.99 degree co n to u r, A V s  are the  

[ jo in ts  on the  to p  p a r t  o f  the  0.99 degree co n to u r. A 't 2 's a n d  A Y s  are the  po in ts  

on the  b o tto m  and to p  p a rt o f  th e  0.50 degree co n to u r, respective ly .

T o  o b ta in  a closed fo rm  o f  the  0.50 degree c o n to u r, a p o ly n o m ia l f i t t in g  m ethod 

is a p p lie d  to  the  p o in ts  o f  AT and A Y  T h e  f i t t in g  curve  is show n in  F ig u re  3.14. in 

w h ich  the  c irc les represen t those AT and AT defined  in  T a b le  3.8. T h e  close form
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T ab le  3.S: L is t o f  d iscre te  p o in ts  on 0.99 a n d  0.50 degree m em bersh ip  fu n c tio n  
c o n to u r ________________________________________________

z h (d B Z ) -V, A ', A  3 A ',
2 0 0 . 0 0 0 0 0 . 2 0 0 0 0.9900 1.1900
25 0 . 0 0 0 0 0 . 2 0 0 0 1.2400 1.4400
30 0 . 1 0 0 0 0.3000 1.4900 1.6900
35 0.1500 0.3500 1.7900 1.9900
40 0.2500 0.4500 2.1900 2.3900
45 0.3500 0.5500 2.G900 2.7900
50 0.4500 0.6500 3.1900 3.3900
55 0.5500 0.7500 3.5900 3.7900
60 0.6500 0.8500 4.1900 4.3900

o b ta in e d  fro m  the  p o ly n o m ia l f i t t in g  can be expressed as fo llo w in g  tw o  equations, 

e q u a tio n  3.G and e q u a tio n  3.7.

=  -0 .0 0 2 Z £  +  0 .0097Z;] -  0 .2031Z;| +  1.5338Z jj (3 .6)

Z dr =  0 .0018Z;; -  0.06G2Z;) +  1.2315Z,j -  7.8194Z£ (3 .7)

Based on the  0.50 and 0.99 m em bersh ip  con tou rs  above, we can define a 

new 2D  m em bersh ip  fu n c tio n  o f  ra in  set w ith  respect to  Z/, and Z dr as shown in  

F ig u re  3 .1 5 (a ). its  co n to u rs  in  Z /t - Z dr space are show n in  F ig u re  3 .15 (b ). F rom  

F ig u re  3 .1 5 (c ). we can see th a t  the  new tw o  d im e n s io n a l m em bersh ip  fun c tio ns  

re s tr ic t the  Z /t - Z dr d o m a in  fo r ra in  set. in c o rp o ra tin g  the  co rre la tio n  o f these 

tw o ra d a r m easurem ents. T he  m em bersh ip  fu n c tio n s  o f  Z dr fo r  o th e r h yd rom ete o r 

typ e  sets are represented by using s im p le  one d im e n s io n a l m em bersh ip  fun c tio ns  

and th e ir  w aveform s are shown in  F ig u re  3.11.

3.4  R u le  B a se  o f  th e  F u zzy  H y d r o m e te o r s  C la ssifier  (F H C )

P r io r  know ledge a b o u t the  h yd rom e te o r c la ss ifica tio n  p ro b le m  is in co rp o ra te d  

in  the  fuzzy  log ic  system  in  the  fo rm  o f  IF -T H E X  ru les and  m em bersh ip  func tions .
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F ig a ro  3. L3: d iscrete p o in ts  on 0.99 and 0.50 degree m em bership  fu n c tio n  c o n to u r

7ri
6 -

4*-
X

~2 -

.31----------i------------I----------- 1----------- 1-----------1-----------i---------- «
0 10 20 30 40 50 60 70ZM

Figure  3.14: the  f i t t in g  cu rve  o f  the  0.50 degree co n to u r
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F ig u ro  3.15: (a) M o d ifie d  2D  m em bersh ip  fu n c tio n  o f Z/, and  Zdr fo r  ra in  se t (b ) 
c o n to u r o f  the  2D  m em bersh ip  fu n c tio n  (c) S c a tte r p lo t o f  Zdr vs. Z /t fo r ra in  w ith  
the  c o n to u r o f  the  m em bersh ip  fu n c tio n s .
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T ab le  3.9: R u leBase fo r  th e  H y d ro m e te o r C la ss ifica tio n

1
1

IF
Zh IS M B F l . l  A N D  Z d r IS MBF2_1 A N D  
K dp  IS M BF3.1 A N D  L D R  IS MBF4_1 
phv IS M BF5.1 A N D  H eight IS M B F6.1

T H E N P rec ip ita tion  IS Drizzle

IF
Zh IS M B F1.2  A N D  Z d r IS M B F 2 .2  A N D  
K dp  IS M BF3.2 A N D  L D R  IS MBF4_2 
Phv IS M B F5.2  A N D  H eight IS M B F 6 .2

T H E N P rec ip ita tion  IS Rain

IF
Zh IS M B F  1.3 A N D  Z d r IS M B F 2 .3  A N D  
K dp  IS M BF3.3  A N D  L D R  IS M B F 4 .3  
Phv IS M B F5.3  A N D  Height IS M B F 6 .3

T H E N P rec ip ita tion  IS SnowDry

IF
Zh IS M B F  1.4 A N D  Z d r IS M B F 2 .4  A N D  
K dp  IS M BF3.4 A N D  L D R  IS M B F 4 .4  
Phv IS M B F5.4  Height IS M B F6.4

T H E N P re c ip ita tio n  IS C rysta l

IF
Zh IS M B F  1.5 A N D  Z d r IS M B F 2 .5  A N D  
K dp  IS M BF3.5 A N D  L D R  IS M B F 4 .5  
Phv IS M B F5.5  A N D  H eight IS M B F 6 .5

T H E N P re c ip ita tio n  IS SnowWet

IF
Zh IS M B F  1.6 A N D  Z d r IS M B F 2 .6  A N D  
K dp  IS MBF3.G A N D  L D R  IS M B F 4 .6  
Phv IS M B F5.6  A N D  Height IS M B F 6 . 6

THEN- P re c ip ita tio n  IS G raupe lD ry

IF
Zh IS M B F 1 .7  A N D  Z d r IS M B F 2 .7  A N D  
K dp  IS M B F3.7  A N D  L D R  IS M B F 4 .7  . 
Phv IS M B F 5 .7  A N D  H eight IS M B F 6 .7

T H E N P rec ip ita tion  IS G raupel W et

IF
Zh IS M B F  1.8 A N D  Z d r IS M B F 2 .8  A N D  
K dp  IS M B F3.8  A N D  L D R  IS M B F 4 .8  
Phv IS M B F5.8  A N D  H eight IS M B F 6 . 8

T H E N P re c ip ita tio n  IS H ailSm all

IF
Zh IS M B F1.9  A N D  Z d r IS M B F 2 .9  A N D  
K dp  IS M BF3.9  A N D  L D R  IS M B F 4 .9  
Phv IS M B F5.9  Height IS M B F 6 .9

T H E N P re c ip ita tio n  IS HailLarge

IF
Zh IS M BF1.10 A N D  Z d r IS M B F 2 .10  A N D  
K dp  IS M BF3.10 A N D  L D R  IS M B F4.10  
Phv IS M BF5.10 A N D  Height IS M B F 6 .10

T H E N P re c ip ita tio n  IS R a inH ail
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T lu ' IF -T H E X  ru les fo r th is  h yd ro m e te o r ty p e  c la ss ifica tio n  can be w r it te n  as 

fo llow s:

IF  ( Zh IS M B F l . j  A N D  Z d r IS M B F 2 _ j A X D  K d p  IS M B F 3_ j A X D  L D R  IS 

M B F 4 _ j A X D  pttr IS M B F o . j A X D  H e igh t IS M B F 6 _j) T H E X  H yd ro m e te o r C lass 

is j

whore j =  1.2............ 10 co rrespond  to  the  classes lis te d  in  3.1. T he  ru le  base fo r the

fuzzy h yd ro m e te o r c lass ifie r is lis te d  in  T ab le  3.9.

3.5  R u le  In feren ce  M e th o d

T h e  s tre n g th  fo r the  s ix  antecedent p ro p o s it io n s  co u ld  be o b ta in ed  fro m  the  

fu z z ific a tio n  b lo ck  as PSi_j where the  in d e x  i represents the  five m easurem ents 

and the  a lt i tu d e ,  in d ex  j  represents the  classes. F o r e xam p le . P S \ j 2 is the  s tre n g th  

o f re f le c t iv ity  fo r  ra in . In  th is  paper, ''product intersection operation" is used to  

find  the  s tre n g th  o f  the  IF -S ID E , and  "Correlation Product:' inference m e th o d  is 

used to  fin d  the  ru le  s tre n g th . T h e  t r u th  va lue  o f  th e  IF -S ID E  is used to  scale the  

consequent fuzzy  set. In  th is  case, the  s tre n g th  o f  the  ru le  is equal to  the  s tre n g th  

o f the  IF -S ID E  because th e  o u tp u t is s in g le to n . T h e re fo re , the  s tre n g th  o f  ru le  j  

( R S j ) can be o b ta in e d  as the  p ro d u c t o f  th e  s tre n g th  o f  in d iv id u a l p ro p o s itio n s  

as.

R S j = f [ P S i_j. (3 .8)
i= i

3.6  A g g r e g a tio n  a n d  D e fu z z ific a tio n

" M A X  A g g re g a tio n '’ m e tho d  is used to  d e te rm in e  net fuzzy re su lt fro m  the  

in d iv id u a l ru le  in ference resu lts . M a x  A g g re g a tio n  procedures take o n ly  the  con­

sequent w ith  th e  h ighest t r u th  value. T h e re fo re  th e  agg rega tion  resu lt is the  m ax­

im um  ru le  s tre n g th  o f  the  va rious R S j  de fined  in (  3 .8).
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For the  F H C . the  o u tp u t is s in g le to n . A  s im p le  m e th o d  is used to  d c fu z z ify  

the  o u tp u t in  o rd e r to  get a s in g le to n  re su lt, nam ely  the  index o f  th e  ru le  w ith  

m a x im u m  ru le  s tre n g th .

3 .7  N e u r o -F u zz y  h y d ro m eteo r  ty p e  c lassifier

T h e  pe rfo rm ance  o f  the  F H C  depends c r it ic a lly  on the  shape o f  th e  m em ber­

sh ip  fun c tio ns . A  co m b in a tio n  o f  e m p ir ic a l and  th e o re tica l know ledge o f  c u rre n t 

s ta te  o f  the  a r t was used to  c o n s tru c t th e  m em bersh ip  func tions . M a n u a lly  a d ­

ju s t in g  the  fu n c tio n s  is ted ious and  in e ffic ie n t. I t  w ou ld  be very use fu l to  deve lop 

a system  th a t has the  a b i l i t y  to  lea rn  fro m  d a ta  and ad jus ts  th e  m em bersh ip  

fu n c tio n s  a u to m a tic a lly . T h is  is achieved by the  neu ro -fuzzy  h y d ro m e te o r ty p e  

c lass ifie r deve loped in  th is  sec tion .

3 .7 .1  C o n fig u ra tio n  o f  n e u r o -fu z z y  h y d r o m e te o r  ty p es  c la ss if ier

T here  are m a n y  types o f  c o m b in a tio n  o f  neu ra l n e tw o rk  and fuzzy  log ic  classi­

f ic a tio n  system s. E ssen tia lly , the  c o m b in a tio n s  can be ca tegorized  in to  cooperative 

neuro-fuzzy models and  hybrid neuro-fuzzy models. In  the  ca tegory  o f  cooperative 

neuro-fuzzy models, the  neu ra l n e tw o rk  m e th o d  and fuzzy  log ic sys tem  are used 

separa te ly , neu ra l n e tw o rk  techn ique  is used o ff lin e /o n lin e  to  d e te rm in e  the  pa­

ram eters  o f  the  fuzzy  log ic c la ss ific a tio n  system . The  param eters  o f  th e  fuzzy  log ic  

c la ss ifica tion  system  inc lude  the  p a ra m e te r in  fuzzy  sets, the  fuzzy ru les, the  w e igh t 

fac to rs  o f  each ru le , there fo re , the  cooperative neuro-fuzzy network  can be fu r th e r  

ca tegorized  as the  fo u r types show n in  the  F ig u re  3.16.

In  panel (a ), the  neura l n e tw o rk  deduces th e  o p tim u m  param ete rs  o f  m em ber­

sh ip  fu n c tio n s  in  the  the  fuzzy set. th is  p a ra m e te r o p t im iz a t io n  p ro b le m  belongs to  

fu n c tio n  a p p ro x im a tio n  p ro b le m  fo r  th e  n eu ra l ne tw o rk  to  learn and  th e  le a rn in g  

process is o ffline . In  panel (b ). th e  neu ra l n e tw o rk  derives the  fuzzy c la ss ifica tion

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



/ i

s a m p le I'uxxy
c l u s s i f t c r

f u z z v t 'u z z y

c la i> s i f i e r
Uata

( a ) ( b )

fuzzv

c la ss ilic r

error 

determ ination

fuzzy

c lassifier

error |
determ ination  i

( C ) ( c l  )

F ig u re  3.1G: C o o p e ra tiv e  X e u ro -F u z z y  M ode ls  (D e t le f  X auchk. 1997)

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



78

ru les fo r tin ; system  o ffline , th e  p re c o n d itio n  is the  fuzzy sets are know n. U sua lly, 

unsupervised le a rn in g  m e th o d  such as S O M  le a rn in g  a lg o r ith m  is used to  c lus te r 

the  d a ta  and the re fo re  to  d e r ive  th e  fuzzy ru les. In  panel (c ). the  neu ra l ne tw ork  

learns the fuzzy set o n lin e , a nd  in  the  panel (d ). the  neu ra l ne tw o rk  learns the 

o p tim u m  w eight fa c to r fo r ru les  o ffline .

T he  o th e r c o m b in a tio n  o f  a neu ra l n e tw o rk  and fuzzy  log ic  system  is called 

h y b r id  neuro-fuzzy m ode l, its  basic c o n fig u ra tio n  fo r  c la ss ifica tio n  is show n in  F ig ­

ure 3.17. In th is  m ode l, the  Fuzzy system  can be viewed as a m u lt ila y e r feed fo rw ard  

neura l netw ork. U sua lly , i t  has five  layers: the  in p u t layer (co n s is ting  o f  in p u t  va ri­

ables). the IF  layer (o r ca lled  fu z z ific a tio n  laye r), the  T H E X  laye r (o r ca lled  R U L E  

in ference layer), the  a g g re g a tio n /d e fu z z if ic a tio n  layer, and f in a lly , the  o u tp u t layer. 

In  F igu re  3.17. the  a g g re g a tio n /d e fu z z if ic a tio n  and o u tp u t la ye r are com b ined  as 

one layer, such th a t ,  the  re s u lt in g  a rc h ite c tu re  looks like  a fo u r layer neu ra l ne t­

w o rk . The neu ro -fuzzy  n e tw o rk  can be regarded as a specia l neura l n e tw o rk  w ith  

spec ia l neurons and  co nn e c tion s  betw een layers. U n like  a fuzzy  system , i t  uses a 

le a rn ing  a lg o r ith m  de rived  fro m  o r in sp ire d  by neu ra l n e tw o rk  concept to  lea rn  its  

param eters (fuzzy sets and  fu zzy  ru les).

For the spec ific  a p p lic a t io n  o f  h yd ro m e te o r c la ss ifica tion , the  fuzzy ru lebase is 

designed a lready, and  ve ry  re lia b le . T h e  o n ly  param ete rs  th a t  need to  be ad jus ted  

are the  fuzzy sets. T h e  h y b r id  neu ro -fu zzy  c la ss ifica tion  m ode l is chosen fo r  fine- 

tu n in g  the pa ram ete rs  o f  the  m e m b e rsh ip  fu n c tio n s  designed in  section 3.3.

In  th is  system , the  fuzzy  lo g ic  p a r t can be m odeled  as a m u lt ila y e r feed forw ard  

neu ra l netw ork, w ith  five layers, nam ely , the  in p u t laye r (co n s is ting  o f  in p u t  va ri­

ables). the IF  laye r ( fu z z if ic a tio n  laye r), the  T H E X  layer (R U L E  in ference layer), 

the  a g g re g a tio n /d e fu z z ific a tio n  laye r, and  the  o u tp u t layer. U n d e r th is  m o d e l, the 

neu ra l ne tw ork le a rn in g  a lg o r ith m s  can be used to  learn  th e  param ete rs  o f  the 

system . One im p le m e n ta tio n  o f  th e  neu ro -fuzzy  h yd ro m e te o r c lass ifie r (X F H C )
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Classification result
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T H E N  layer

error 

deiermi nation IF  layer

input layer

X I  X2 X3 X4 X5

F ig u re  3.17: H y b r id  X eu ro -F u zzy  C lass ifica tion  M o d e l(D e tle f X au ch k . 1997)

is shown in  F igu re  3.18. In  F ig u re  3.18. i f  we ignore  the  b locks show n by do tted  

lines, it  is the same c o n fig u ra tio n  as the F H C  described  in  section  2. T he  so lid  

lines fo rm  the feed fo rw ard  p a th , and the d o tte d  lines fo rm  the  backp ropaga tion  

pa th . T he  m is -c lass ifica tion  e rro r  is back-propagated to  th e  IF - la y e r and is used 

to  a d ju s t the  param eters o f  th e  m em bersh ip  fun c tio ns . T h is  is a ve ry  e ffective and 

e ffic ien t procedure to  b u ild  a good  X F H C  over tim e .

3 .7 .2  F u zzy  S e t L ea rn in g  A lg o r ith m

T he  lea rn ing  a lg o r ith m  fo r  the  fuzzy log ic system  is as fo llow s: le t P  be the 

vecto r o f  rada r m easurem ents and  a lt itu d e  (Z /t . Z,/r , Kjp- L D R , ptlv, and H) and 

let C'j' be the  know n class o f  h yd rom e te o r fo r th is  m easurem ent set denoted as 

ta rge t class.

( i) A p p ly  the  set P  to  the  F H C  and i t  produces an o u tp u t C.

( ii)  D e te rm in e  the o u tp u t e r ro r  as d =  C r — C
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( i i i )  G o  to  ( i)  i f  <) =  0 . o the rw ise , a d ju s t th e  m e m b e rsh ip  fu n c tio n s  accord ing  to  

the  p rocedu re  g iven  in  ( iv ) .

( iv )  T h e  a d ju s tm e n t o f  the m em bersh ip  fu n c tio n s  is p e rfo rm ed  o n ly  on the fuzzy  

sets co rre s p o n d in g  to  class C r  and C . w h ich  a re  the  ta rg e t o u tp u t class and th e  

c u rre n t o u tp u t class, respective ly, and th e ir  ru le  s tre n g th  re la tio n s h ip  is g iven by  

R S r r < R S r ■ T h e  a d ju s tm e n t o f  m em be rsh ip  fu n c tio n s  shou ld  be in  the  d ire c tio n  

th a t m akes R S c r >  RSc- 'Gradient Descent Learning' m e th o d  is used to  tune  th e  

pa ram e te rs  fo r th e  m em bersh ip  fu n c tio n s  re la te d  to  C lass CV and C.  The  d e ta ils  

o f  th e  p rocedu re  used in  the  a d ju s tm e n t o f  m e m b e rsh ip  fu n c tio n s  are described in  

the  fo llo w in g .

(v ) I f  the  e rro r  goa l is no t m e t. go back to  s tep  ( i ) .  o th e rw ise , te rm in a te  the  le a rn in g  

process.

3 .7 .2 .1  P r o c e d u r e  for A d ju st in g  th e  M e m b e r sh ip  F u n c tio n

( i)  F rom  th e  set o f  M B F i X ' r  G £  [ 1 - 6 ] ) .  f in d  th e  M B F  w ith  the  sm a llest 

t r u th  degree.

P S k jc T <  PS,_cT . where i €  [1 . 6 ] (3-9)

F or the  m em bersh ip  fu n c tio n  M B F k_cr - d e te rm in e  the  d e lta  values fo r its  

p a ra m e te r m . a. b. as

(3.10)

(3 .11)

(3 .12)
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w hore  /„  a nd  lb are th e  le a rn in g  ra te  fo r the  th ree  param eters m.a.b: R S c T
(J OPSkf. OPStf .̂

is the  ru le  s tre n g th  fo r  ru le  C y . and  the  d e r iv a tiv e s  fo r  — .)m T . — rJa T and — M T

can he o b ta in e d  by the  fo llo w in g  equa tions .

JPf - cv = (/’ S’t.cr)- — [ ( ) - > £ • - < - 1 ] (3.13)
a m  a a

=  (3.14)an a a

0 P S !;-Ct =  ( - l X P s ^ c v i ^ K ^ — ( 3. i 5)at) a a

w here  x b. is th e  Arth c risp  in p u t  va ria b le . X o te  th a t  these equa tions are based 

on 1-d in ie n s io n a l m em bersh ip  fu n c tio n s . F o r 2 -d im e n s io n a l m em bersh ip  fu n c tio n s , 

we can get s im ila r  expression fo r  these d e r iv a tiv e s  b y  co nve rtin g  tw o d im e n s io n a l 

m e m b e rsh ip  fu n c tio n s  to  one d im e n s io n a l m e m b e rsh ip  functions.

A f te r  h a v in g  a ll the  d e lta  values, th e  th ree  pa ram ete rs  in  the  m e m bersh ip  

fu n c tio n  can be u p d a te d  as fo llo w in gs .

m n,:w = m old + drn (3 .16)

anew = a°ld + 6a. . (3 .17)

b n , u -  =  b o  i d  +  S b  ( 3 . 1 8 )

( i i )  R epeat th e  same p rocedu re  as ( i)  fo r th e  m em bersh ip  fun c tio ns  re la te d  

to  the  c u rre n t o u tp u t  class C .  the re fo re  th e  u p d a tin g  o f  m em bersh ip  fu n c tio n s  

fo r class C' is p e rfo rm ed  in  the  same way. b u t  in  th e  d ire c tio n  w h ich  makes R S c  

decrease.
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input layer IF  layer T H E N  layer

rule I

Zh

Z dr

aggregation layer

defuzzification layer

Kdp

output layerindex of
M A X strongest rule

L D R

rule 10

error 
determination 

£ = C - C t

Altitude

F ig u re  3.18: A  neu ro -fuzzy  System  fo r H y d ro m e te o r T yp e  C la ss ifica tio n
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Chapter 4

IN -S IT U  V E R IF IC A T IO N  O F  N E U R O -F U Z Z Y  H Y D R O M E T E O R  

C L A S S IF IC A T IO N

4 .1  D a ta  S o u rces  a n d  In s tr u m e n ta t io n

(i) CSU -CHILL Radar

T h e  ra d a r d a ta  used in  th is  s tu d y  were co llec ted  by the  C S U -C H IL L  ra d a r. 

C S U -C H IL L  is a S -band. dua l p o la r iz a t io n  ra d a r, w hich can m easure a fu l l  set 

o f  p o la r im e tr ic  m easurem ents. M os t o f  th e  d a ta  analyzed in  th is  p a p e r were a t 

ranges less th a n  70 km  fro m  the  ra d a r.

( i i )  In -S itu  O bse rva tions 

H a il C h a se  V an

A n  in s tru m e n te d  h a il chase van w ith  a ro o f-m o un ted  net was c o n s tru c te d  to  

in te rce p t the  s to rm s. T h is  chase van is e qu ip p ed  w ith  a ra in /h a il  se p a ra to r and  

a Y oung  capac itance  ra ingage. H a il was co lle c ted  and quenched in  c h ille d  hexane 

and then  s to red  in  d ry  ice. T he  h a il stones were e ven tua lly  p h o to g ra p h e d  us ing  

d ig ita l cam era  fo r post ana lysis. A  d e ta ile d  d e sc rip tio n  o f the  h a il chase van is 

g iven in  H u b b e rt et a l (1998).

T -2 8  a ircra ft

H igh  V o lum e  P a rtic le  S pe c tro m e te r (H Y P S ) Images were co lle c ted  by us ing  

a H Y P S  p robe  m oun ted  on the  T -2 8  a irc ra f t ,  ope ra ted  by sou th  D a k o ta  schoo l o f
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F ig a ro  4.1: H V P S  p robe  in s ta lle d  unde r th e  r ig h t w in g  o f  th e  T -2 8  a irc ra ft

M inos and  Techno logy. T h e  H V P S  is capab le  o f  m easu ring  p a rtic le s  size up  to  4.5 

cm . by ta k in g  tw o -d im e n s io n a l d ig i ta l  p ic tu re s  o f  h yd ro m e te o rs  th a t  pass th ro u g h  

a 4 .5cm  x  20cm  p lane  w h ich  is n o rm a l to  the  d ire c tio n  o f  a ir c ra f t  f l ig h t.  T h is  p lane 

is a c u r ta in  o f  l ig h t  th a t  is p ro je c te d  o n to  a 256 p ixe l, lin e a r a rra y  w h ich  is sam pled 

a t a ra te  p ro p o r t io n a l to  the  speed o f  the  a irc ra ft .  T he  p ix e l spac ing  in  th e  sam ple 

p lane  is 0.2 m m . A s p a rtic le s  pass th ro u g h  th e  lig h t p lane , th e y  c rea te  shadows on 

the  lin e a r a rra y  th a t  are co nve rte d  by a o n e -b it ana log  to  d ig i ta l  co nve rte r. Thus, 

as a p a r tic le  passes th ro u g h  the  sam p le  p lane, the  se qu e n tia l s lides p roduces a tw o- 

d im e n s io n a l im age  o f  the  p a r tic le . F ig u re  4.1 shows the  h ig h  vo lu m e  sp e c tro m e te r 

in s ta lle d  unde r th e  r ig h t w in g  o f  th e  T -2 8 .
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4 .2  In -s itu  V er ifica tio n  o f  H y d r o m e te o r  C la ssif ica tio n

(i) The severe hail s torm  on June  7. 1995

O n 7 .111111’ 1995. th e  C SL’- C H IL L  ra d a r observed a supe rce ll s tru c tu re , and  a 

chase van w ith  a ro o f-m o u n te d  h a il c o lle c to r net was sent to  in te rce p t th e  s to rm  

core and co llec t in -s itu  m easurem ents. T h e  7 June  1995 s to rm  tu rn e d  o u t to  be a 

severe h a il s to ftn . F ig u re  4.2 shows the  ra d a r m easurem ents Z h. Zur- KdP- L D R . 

and and  f ig u re  4.2 also shows the  the  c lass ifica tion  resu lt fro m  the  neuro- 

fuzzy c lass ifica tion  system . W e can see fro m  the  h yd rom ete o r c la ss ifica tion  resu lt 

th a t h a il and  ra in  m ix tu re , w et g ra u p e l. and ra in  are found  on the  g ro u n d  as 

w e ll as a t low  a lt itu d e , whereas ice c rys ta ls  were in fe rred  a t h igh  a lt itu d e . T h e  

v e rtic a l s tru c tu re  o f  the  s to rm  can be seen fa ir ly  well fro m  the  c la ss ifica tion  re su lt. 

T h e  in -s itu  ground obse rva tions  were cons is ten t w ith  the  resu lt o f  the  neu ro -fu zzy  

H y d ro m e tc o r c lassifie r. T h e  h a il chase van co llected some hails tones, and  also 

observed ra in  rn ixed w ith  in  the  s to rm . T he  in -s itu  g ro un d  observa tions fo r  th is  

case are g iven in H u b b e rt e t a l (1 9 98 ). H u b b e rt et a l (1998) have presented 

d e ta ile d  d u a l D opp le r ana lys is  o f  th is  case. T h e  Fuzzy c la ss ifica tio n  resu lts  agree 

w e ll w ith  inference o f  H u b b e rt e t a l (1998). 'F ig u re  4.3 shows the  tim e  series o f  

the  m easurem ents a t the  h a il chase van lo c a tio n  (tj =  — 1.0 km ) fo r 50 m inu tes . 

F ig u re  4.3 also shows th e  h y d ro m c te o r c la ss ifica tion  in fe rred  by the  H yd ro m e te o r 

C la ss ifica tio n  System , and  the  "g ro u n d  t r u th "  observed by the  h a il chase van. 

I t  can be seen fro m  th e  resu lts  o f  F ig u re  4.3 th a t the  a u to m a tic  c la ss ifica tion  

resu lt agree fa ir ly  w e ll w ith  in  the  l im its  o f  com parison  between ra d a r and g ro u n d  

observa tions.
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Figure 4.2: Radar measurements Z^, Z DR, K Dp, LD R  and pttv, and Hydrometeor 
Type Classification result corresponding to the case o f June 7, 1995
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(ii) The. Convective S to n n  on June 22. 1995

A  severe H a ils to rm  occurred  on June  22. 1995 near F o rt C o llin s . C o lo rado . 

T h is  s to rm  g rew  to  a he igh t o f  12.5 k m  and  upon  co lla p s in g  p ro du ce d  heavy ra in  

and  h a il o f  m a x im u m  sizes 3-4 cm . T h e  in tense p a r t o f  the  s to rm  was lo ca te d  

a t d is tan ce  o f  45 to  50 km  to  the  N o r th  E ast o f  the  C S U -C H IL L  ra d a r a ro u n d  

17:30:29 loca l tim e . T h e  ra d a r c o n tin u o u s ly  scanned th e  s to rm  a p p ro x im a te ly  

w irh  2 m in u te  re so lu tio n  fo r a b o u t an h o u r. A t  the  sam e tim e  th e  T -28  a irc ra f t  

m ade several p en e tra tio n s  th ro u g h  the  s to rm  c o lle c tin g  sam ples o f  hyd rom eteors . 

T h e  f lig h ts  were at a lt itu d e s  between 2.5 a nd  3.5 km  above g ro u n d  level to  co lle c t 

d a ta  in  s m a ll h a il region. T h e  s to rm  was ch a rac te rize d  by heavy ra in  m ixed  w ith  

h a il. A  C A P P I (C o n s tan t A lt i tu d e  P P I)  o f  th e  ra d a r m easurem ents Z * .  KdP- 

L D R . and  phv a t the h e ig h t o f  the  a irc ra f t  is show n in  F ig u re  4 .4 . A lso  show n 

in  F ig u re  4.4 is the  a u to m a tic  h y d ro m e te o r c la ss ifica tio n  re su lt. T h e  so lid  lin e  on 

F ig u re  4.4 is th e  flig h t tra c k  o f  T -2 8  a irc ra f t .  I t  can be seen fro m  F ig u re  4.4 th a t  T -  

28 tra ck  was m o s tly  in  the  reg ion  o f  s m a ll h a il and  g ra u p e l. F ig u re  4.5 shows t im e  

series o f  a u to m a tic  h yd ro m e te o r c la ss ifica tio n  encoun te red  a long  th e  T -28  f l ig h t 

p e n e tra tio n  show n in  F ig u re  4.4. N o te  here th a t  th e  t im e  series correspond to  

the  d is tan ce  a lo ng  the a irc ra f t  tra c k  ( fro m  (x :14.1  km . y : 39.7 k m ) to  (x :16 .96km . 

y:42.01 k m ) ). F igu re  4.G and  F ig u re  4 .7  show  sam ple  H Y P S  im ages fo r the  d a ta  

show n in  F ig u re  4.5. F ig u re  4.8 shows th e  co m p a rison  o f  a u to m a tic  h yd ro m e te o r 

c la ss ifica tio n  and  ” in -s itu "  observa tions fro m  T -2 8  H Y P S  d a ta . F ro m  F igu re  4.8. 

We can see fa ir ly  good agreem ent betw een a u to m a tic  c la s s ific a tio n  and in -s itu  

obse rva tions.

(iHJ The Convective S torm  on June 20, 1995

O n June 20. 1995. the  C S U -C H IL L  ra d a r observed a s to rm  c e ll th a t fo rm ed  

20 km  east o f  th e  radar. A  T -2 8  a irc ra ft  c a r ry in g  H Y P S  p robe  p e n e tra te d  th ro u g h
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F ig u re  4.3: C o m p a riso n  c la ss ifica tion  resu lt fro m  fuzzy  log ic  system  w ith  g ro un d  
t r u th
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Figure 4.4: Radar measurements Z # , Z DK, K Dp, LD R , pnv, and Hydrometeor 
Type Classification result corresponding to the case o f June 22, 1995
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F ig u re  4.5: c lass ifica tion  re su lt a lo n g  th e  a irc ra ft tra ck  ( fro m  (x :1 4 .1 km . y :3 9 .7 k m ) 
to  (x :lG .9G kin. y :42 .0 1km ) on F ig u re  15 ) d u r in g  the  f irs t p e n e tra tio n  in  22 June  
1995 s to rm .

the  core o f the s to rm  to  co lle c t in -s itu  observations. M ost o f  th e  a irc ra f t  f lig h ts  

th ro u g h  the s to rm  were a t a c o n s ta n t a lt itu d e  o f  4 km  above g ro u n d . D u r in g  the  

f lig h t the  H YPS co llec ted  sam ples o f  hydrom eteors  a long  the  p a th . T h e  F ig u re  4.9 

shows a C A P P I o f th e  ra d a r m easurem ents a t an a lt itu d e  o f  4km  (ra d a r  scan t im e  

is fro m  1G:38:17 to  16:39:14 U T C ) .  T h e  five  ra d a r p o la r im e tr ic  fie ld s  is show n in  

F ig u re  4.9. and the  h y d ro m e te o r c la ss ifica tio n  resu lt fro m  the  X F H C  are show n 

in  F ig u re  4.9. the  so lid  lin e  is th e  T -2 8  a irc ra ft tra ck . F rom  F ig u re  4.9. i t  can 

be seen th a t the  a irc ra ft  tra cks  a re  in  p re d o m in a n tly  g raupe l reg ion  and  a reg ion  

o f  sm a ll ha il. T h is  in ference agrees ve ry  w e ll w ith  w h a t the  T -2 8  in -s itu  a irc ra f t  

observa tions o b ta in ed  fro m  the  H Y P S  probe. Sam ple images o f  h yd rom e te o rs  

fro m  H Y P S  fo r the  f lig h t a t t im e  16:38:34 U T C  are shown in  F ig u re  4.10. the  

co rrespond ing  T -28  a irc ra ft  lo c a tio n  is a t 30.33 km  in  x  d ire c tio n  a n d  11.80 km  in  

y  d ire c t io n  w ith  respect to  the  lo c a tio n  o f  the  C S U -C H IL L  radar. W e can see the  

presence o f  conical g ra up e l p a rtic le s  in  th e  images.
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F igun* 4.G: H V P S  images fro m  17:29:15 to  17:29:33 a long  th e  a irc ra ft tra c k  d u r in g  
the  f irs t  p e n e tra tio n  in  22 June 1995 s to rm .
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F igure ' 4.7: H V P S  im ages from  17:29:34 to  17:29:50 a long  the  a irc ra ft  tra c k  d u r in g  
the firs t p e n e tra tio n  in  22 June 1995 s to rm .
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C o m p arison  o f  classification results w ith  In -s itu  O bservation

17:29:15 17:29:27 17:29:31 17:29:34 17:29:50
Time

Aircraft

Observation

hail+rain
sm allhail

sm allhail 
perhaps graupel +rain conical graupel

hail+rain graupel
sm allhail smallhail sm allhail graupel

F igu re  4.8: C om parison  o f  the  c la ss ifica tio n  resu lts  w ith  in -s itu  obse rva tion  a lo ng  
the  a irc ra ft  tra ck  d u r in g  th e  f irs t p e n e tra tio n  in  22 June  1995 s to rm . T h e  t im e  
scries co rrespond ing  to  th e  a irc ra ft  tra c k  d a ta  show n in  F ig u re  4.4.

C lassification

Result

(iv) The. Snow Stovrn on February 18. 1997

O n F e b rua ry  18. the re  was a lig h t  snow event in  th e  v ic in ity  o f  the  C S U - 

C H IL L  radar. F ig u re  4.11 and 4.12 shows a v e rt ic a l section  o f  the  C S U -C H IL L  

ra d a r m easurem ents th ro u g h  th is  s to rm . T he  ra d a r m easurem ents o f  Z / / .  L D R  

and p\i\- and t l ie  h y d ro m e te o r c la ss ifica tio n  re s u lt are show n in  F ig u re  4.11 and  

F igu re  4.12. T h e  h y d ro m e te o r c la ss ifica tio n  in d ica te s  wet snow  below  1 km . d ry  

snow and o rien ted  ice c ry s ta l above 1 krlx. W e can see a tra n s it io n  from  ra in  to  

snow on the  g round . T h is  fea tu re  o f  ra in  to  snow  t ra n s it io n  was observed on th e  

g round  in  exce llen t agreem ent w ith  ra d a r based X F H C  inferences.
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Figure 4.9: Radar measurements Z n , Z Dr , K d p ,  L D R  and pnv, and Hydrometeor 
Type Classification result corresponding to the case of June 20, 1995
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2 D -H V P S  m on o  T IM E : 16:38:3*1

2 D -H V P S  m on o  T IM E :16:38:35

F ig u re  4.10: H V P S  Im ages o f  hydrom eteors  a t 16:38:34 in  the  20 June 1995 storm . 
T h e  a irc ra f t  was loca ted  a t x = 3 0 .3 3 k m , y =  11.80km  w ith  respect to  the  radar 
d u r in g  th a t  t im e
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CSU-CHILL 2 / 1 8 / 9 7  
Y D ista n ce  = 0 .0  ion  S c a n  T im e=  1 9 1 7 1 5 —191831  UTC ZH

0 5 . 0  I Q . G  1 5 . 0  2 0 . 0  2 5 . 0  3 0 . 0  3 5 . 0

Figure 4.11: (a)Radar measurements Z§j for the storm on Feb. 18, 1997

CSU-CHILL 2 / 1 8 / 9 7  
Y D ista n ce  =  0 .0  km  S ca n  T im e =  1 9 1 7 1 5 —181831 UTC LDR

-34.00 —32.50 —31jOO -2850 -28.00 -28 50 -25.00 -23.30 -20.00 -20 50 -19.00

Figure 4.11: (b) Radar measurements LD R for the storm on Feb. 18, 1997
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CSU-CHILL 2 / 1 8 / 3 7  
Y D ista n ce  =  0 .0  km  S c a n  T im e=  1 9 1 7 1 5 —191831  UTC Rfao

L
. 9 5 0  . 9 5 5  . 9 6 0  . 9 6 5  . 9 7 0  . 9 7 5  . 9 8 0  . 9 8 5

Figure 4.11: (c)Radar measurements ph* for the storm on Feb. 18. 1997

CSU-CHILL 2 / 1 8 / 9 7  
Y D ista n ce  = 0 .0  k m  S c a n  T im e=  1 9 1 7 1 5 -1 9 1 8 3 1  UTC H -Type

None Dr R DS IC WS DC WG SH LH HR

Figure 4.12: Hydrometeor type classification result, note that D r. stands for Driz­
zle, R. for Rain, DS. for Dry Snow, IC  for Oriented Ice Crystal, W S for W et Snow, 
DG  for D n ' Graupel, W G . for Wet Graupel, SH for Small H ail, LH for Large Hail, 
H R  for m ixture of H ail and Rain.
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Chapter 5

D E T E C T IO N  O F R A I N /N O - R A I N  C O N D IT I O N  O N  T H E  

G R O U N D  B A S E D  O N  R A D A R  O B S E R V A T IO N S

5.1  In tr o d u c t io n

O no o f  the  im p o r ta n t  issues in ra d a r ra in fa ll e s tim a tio n  is to  f irs t d e te rm ine  

i f  the re  is ra in  on  th e  g ro un d . M a n y  m o d e rn  w e a th e r ra d a r system s are equ ipped  

w ith  h igh  pow er tra n s m itte rs  and h ig h  s e n s it iv ity  receivers, so th a t  even weak 

e le c tro m a g n e tic  waves re flected by few h yd ro m e te o rs  can be de tec ted . S ig n ifica n t 

ra d a r re f le c t iv ity  obse rva tions can be o b ta in e d  fro m  p re c ip ita t io n  p a rtic le s  a lo ft 

even i f  the re  is no p re c ip ita t io n  on the  g ro u n d . H ow ever, these re f le c t iv ity  values 

m ay be e rro n eo u s ly  converted  to  p re c ip ita t io n  on th e  g ro un d  based on some ra d a r 

ra in fa ll a lg o r ith m . T he re fo re , i t  is im p o r ta n t  to  have a d e te c tio n /d e c is io n  scheme 

to  d e te rm in e  i f  th e re  is p re c ip ita t io n  on th e  g ro u n d  p r io r  to  c o m p u tin g  ra in fa ll using 

ra d a r m easurem ents. I t  w o u ld  be usefu l to  deve lop  an a u to m a tic  c lass ifica tion  

scheme th a t  can d e te c t the  presence and  absence o f  ra in  on th e  g round . One 

o f  the  goals o f  th is  ch ap te r is to  deve lop  a n e u ra l n e tw o rk  based techn ique  to  

d e te rm in e  presence and absence o f  ra in  fro m  th ree  d im e n s io n a l ra d a r re f le c tiv ity  

s tru c tu re . Severa l fac to rs  such as ra in  e v a p o ra tio n , n o n -p re c ip ita t in g  echo and 

very l ig h t ra in  th a t  is below  the  obse rv ing  c a p a b ility  o f  ra ingages can resu lt in  a 

ra d a r observed echo, w ith  zero ra in fa ll o b se rva tio n  on a g ro un d  in s tru m e n t such 

as ra ingage. T h is  m ay also happen due to  a nom a lous  p ro p a g a tio n . T h is  research
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presents a techn ique  to  in fe r t iie  presence/absence o f  ra in  on the g round  fro m  ra d a r 

obse rva tions, th is  p rocedure  does n o t cons ide r anom alous p ropagation .

T h is  ch ap te r is o rgan ized  as fo llow s: T h e  deve lopm ent o f a R a d ia l Basis Func- 

r io n  (R B F ) neura l n e tw o rk  fo r d e te rm in a tio n  o f  ra in /n o -ra in  c o n d itio n  on g ro un d  

is discussed in section  5.2. T he  p e rfo rm an ce  e va lua tio n  o f  the ne tw o rk  fo r ra d a r 

d a ta  co lle c ted  by the  W S R -8 8 D ra d a r system  are p rov ided  in section 5.3. F in a lly , 

im p o r ta n t  conclus ions are sum m arized  in  section  5.4.

5 .2  C la ss if ica tio n  o f  v e r tica l r e f le c t iv ity  p rofiles w ith  n eu ra l n etw ork

T h e  th ree  d im e ns ion a l s tru c tu re  o f  re f le c t iv ity  a lo ft is s tro ng ly  co rre la ted  to  

the  c o n d itio n s  o f presence and absence o f  ra in  on the  ground. In  o rd e r to  reduce 

the  vo lum e  o f  d a ta  th a t is in p u t to  the  n e tw o rk , the  re fle c tiv ity  m easurem ents on 

a h o r iz o n ta l g r id  o f  3 km  x  3 km  area are averaged to  o b ta in  an averaged v e rtic a l 

p ro file  o f  re fle c tiv ity , w h ich  is then  used as in p u t to  a neura l ne tw ork. F ig u re  5.1 

shows the  schem atic  desc rib ing  the  c o m p u ta tio n  o f  average ve rtica l p ro file . In  th is  

paper, we use average ve rtic a l p ro file  in  ra in  reg ion  (up  to  the m e lt in g  layer) as 

in p u t to  the  neura l ne tw ork . L e t 2T/,(1). ... . Z /,(4) be the average re f le c tiv ity  

m easurem ents a t a lt itu d e s  1.5 km . 2.5 km . 3.5 km  and 4.5 km . respective ly. These 

fo u r re fle c tiv it ie s  are used as in p u t to  d e te rm in e  the  presence and absence o f ra in  on 

the g ro u n d . T he  d a ta  set used in  th is  s tu d y  was co llected  by the W S R -8 8 D ra d a r 

a t M e lb o u rn e . F lo r id a  and  several ra ingage  ne tw orks  are located in  the  v ic in ity  o f  

the  radar. D a ta  fro m  a to ta l o f  59 ra ingages are used in  th is  study. T he  v e rtic a l 

p ro files  wore e x trac te d  fro m  ra d a r scans to  co n s tru c t averaged ve rtic a l re f le c tiv ity  

p ro files.

□ (“te rm in a tio n  o f  the  presence o f  ra in fa ll on the  g round  based on ra d a r d a ta  

can be viewed as a s im p lifie d  p a tte rn  re co g n itio n  p rob lem . R ad ia l Basis F u n c tio n  

neura l n e tw o rk  is w e ll su ited  fo r the  th e  p ro b le m  o f  d e te rm in a tin g  ra in /n o - ra in  on 

the  g round .
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F ig u re  5.1: C o n s tru c tio n  o f  averaged v e rt ic a l p ro files

T o  develop a R B F  n e tw o rk  fo r ra in /n o - ra in  c la s s ific a tio n , tw o  basic issues 

need to  be addressed, nam ely, i)  choice o f  the  r ig h t  size o f  the  neu ra l ne tw ork , 

and i i)  f in d in g  the  o p tim u m  param ete rs  fo r  the  c o rre sp o n d in g  n e tw o rk  by us ing  

a re p re sen ta tive  tra in in g  d a ta  set. T h e  in p u t la ye r cons is ts  o f  the  fo u r averaged 

re fle c tiv it ie s  n a m e ly  Z la.Z\v>. Z /,3, Z / , - . In  th is  research, we use average v e rtic a l 

p ro file  in  ra in  reg ion  (up  to  th e  m e lt in g  layer) as in p u t to  the  neu ra l ne tw ork . 

M ean re fle c tiv it ie s  a t the a lt itu d e s  o f  1.5. 2.5. 3.5 a nd  4.5 km  are used as in p u t to  

d e te rm in e  the  presence and absence o f  ra in  on the  g ro u n d . T h e re  is o n ly  one o u tp u t 

" V  fo r the  n e tw o rk , w h ich  represents th e  ra in /n o - ra in  c o n d it io n . S pec ifica lly . “ O ’ 

is used fo r rep resen ting  no-rain  and *T " is fo r ram. T h e  o u tp u t o f  a R B F  ne tw o rk  

is no t b in a ry . A  decision th re sh o ld  0.5 is used to  co nve rt the  o u tp u t V  to  the  

b in a ry  fo rm a t C' (shown in  F ig u re  5 .2).
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F ig u re  5.2: D iag ram  o f  R B F  n e tw o rk  fo r ra in /n o - ra in  d e te rm in a tio n

T h e  d a ta  set used in  th is  s tu d y  was co lle c ted  by the W S R -8 8 D  ra d a r a t M e l­

b ou rn e . F lo r id a  and several ra ingage  n e tw o rks  are located in  the  v ic in ity  o f  th e  

ra d a r. T h e  v e rtic a l p ro files  were e x tra c te d  fro m  ra d a r scans to  c o n s tru c t averaged 

v e r t ic a l re f le c tiv ity  p ro files. F ive  m in u te  a ccum u la tio ns  o f  ra ingage d a ta  are  used 

to  d e te rm in e  the  ra in /n o - ra in  c o n d it io n . To  get the  o p tim u m  size o f  h id de n  laye r 

and  its  param eters , a re p re sen ta tive  t ra in in g  d a ta  set is needed fo r t ra in in g  the  

n e tw o rk . T h e  d a ta  set th a t  is used in  th e  t ra in in g  process was co lle c ted  d u r in g  

J u ly  1993. T h is  d a ta  has a to ta l 17.023 averaged v e rtic a l re f le c tiv ity  p ro files , o u t o f  

those. 15.G71 ve rtica l p ro files  were assoc ia ted  w ith  no p re c ip ita tio n  on the  g ro u n d  

(zero  gauge m easurem ents) and  1352 v e r t ic a l re f le c tiv ity  p ro files  were associa ted  

w ith  non-zero  ra in fa ll on th e  g ro u n d . A  s m a ll p o r t io n  o f  th is  d a ta  was used fo r  

p u rpose  o f  t ra in in g  the n e tw o rk , and  th e  rest was used as te s tin g  d a ta  set. F ig ­

ure 5.3 shows the  lo ca tio n  o f  these t ip p in g -b u c k e t raingages ( to ta l 59) re la t iv e  to  

the  ra d a r. N o te  the d istances fro m  th e  ra ingages to  the ra d a r range fro m  less 

th a n  10 km  to  abou t 200 km . F ig u re  5.4  shows an exam ple o f  the  g ro u n d  ra in fa ll 

m easurem ents a t a ll 59 gage sites d u r in g  a s to rm  event on J u ly  2. 1993. W e can 

see fro m  F ig u re  5.4 th is  s to rm  las ted  fo r  4 hours.

T ra in in g  is the  m ost im p o r ta n t  process in  th e  set-up o f  the  neu ra l n e tw o rk , 

w h ich  c r i t ic a l ly  influences the  p e rfo rm a n ce  o f  th e  netw ork. 1 0 0 0  .da ta  sam ples
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Tab le  5.1: C la s s ific a tio n  P erfo rm ance  o f  th e  R B F  n e tw o rk  fo r  J u ly  1993 d a ta  set

d a ta  sam ples co rre c t sam ples inco rrec t sam ples co rre c t ra te
ra in 1352 1149 203 85%

no-ra in 15.671 12.999 2672 82%

were chosen fro m  the  ra in  d a ta  set and  1 0 0 0  d a ta  sam ples fro m  th e  n o -ra in  d a ta  

set to  fo rm  the  tra in in g  d a ta  set. T h e  averaged ra d a r re f le c t iv ity  v e r t ic a l p ro files  

in  the  t ra in in g  d a ta  set are a p p lie d  to  the  R B F  ne tw o rk  se q u e n tia lly . "O r th o g o n a l 

Least S quare”  superv ised  le a rn in g  m e th o d  is used to  t ra in  the  n e tw o rk , and the 

G enera lized  C ro s s -\ a lid a t io n  (G C Y ) is used as the  convergence. T o  o b ta in  the  

c la ss ifica tio n  pe rfo rm ance  o f  the  R B F  n e tw o rk  w ith  respect to  J u ly  1993 d a ta  set. 

the  o r ig in a l d a ta  set ( 17.023 d a ta  ) w ith  1352 " ra in  cases”  and  15.671 "n o -ra in  

cases” were a p p lie d  to  th e  tra in e d  n e tw o rk . 85% o f the  ra in  cases a n d  82% o f  the  

n o -ra in  cases were c lassified  co rre c tly . T h e  c lass ifica tion  resu lts  o f  J u ly  1993 d a ta  

a rt' lis te d  in  ta b le  5.1.

5 .3  P e r fo r m a n c e  E v a lu a tio n  o f  th e  R B F  N etw o rk  for r a in /n o -r a in  C la s­
s if ic a tio n

To e va lua te  the  c la ss ifica tio n  pe rfo rm ance  o f  the  R B F  n e tw o rks  developed 

above by us ing  the  d a ta  set o f  1993. tw o  e va lua tion  d a ta  sets are used to  test the  

n e tw o rk , one set was co llec ted  in  A u g u s t 1995. and the  o th e r one in  S eptem ber 

1995. These tw o  d a ta  sets were a p p lie d  to  the  R B F  n e tw o rk  o b ta in e d  in  section 

I I .  separa te ly . T ab le  5.2 shows th e  perfo rm ance  o f  the  test resu lts  fo r  the  R B F  

n e tw o rk . I t  can be seen th a t  the  co rre c t c lass ifica tion  ra te  fo r T a in ’ cases are 70% 

and 7-1% fo r A u g u s t and S ep tem ber d a ta  set. respective ly, the  co rre c t c la ss ifica tion  

ra te  fo r 'n o - ra in ' cases are 87% and  95% , respective ly.

To in ve s tig a te  the  im p a c t o f  th e  c lass ifica tion  scheme on the  a p p lic a tio n  o f  

ra in fa ll e s tim a tio n , the  ra in fa ll a c c u m u la tio n  by us ing  the  best Z -R  a lg o r ith m  is
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T a b le  o.2: C la s s ific a tio n  P erform ance o f  the  R B F  n e tw o rk  fo r A u g u s t/S e p te m b e r 
1995 d a ta  set

data samples correct samples incorrect samples correct rate
ra in  (A u g . /1995) 3127 2195 932 70%
no-ra in  (A u g . /1995) 9480 8243 1237 87%
ra in  (Scpt./1995) 442 328 114 74%
no-ra in (Sept./1995) 7188 6846 342 95%

o b ta in e d  und e r the  c o n d itio n s  o f  a p p ly in g  o r n o t-a p p ly in g  th e  c lass ifica tion  scheme. 

T h e  ra in fa ll a c c u m u la tio n  fo r th e  m o n th s  o f  A u g u s t and  Septem ber 1995 over 

the  19 gages were o b ta in ed . T h e  gauge d a ta  ove r th e  19 gauges resu lted  in  an 

a c c u m u la tio n  o f  2059 m m . whereas the  c o rre s p o n d in g  a ccu m u la tio n  fro m  ra d a r 

over the  gauge sites y ie ld e d  an a ccu m u la tio n  o f  2571 m m . However, i f  the  ra in /n o ­

ra in  c la ss ifica tio n  n e u ra l ne tw o rk  was a pp lie d  p r io r  to  ra in fa ll e s tim a tio n , i t  y ie lded  

an a c c u m u la tio n  o f  2199 m m , re s u lt in g  18% im p ro v e m e n t w ith  the gauge d a ta  

as reference. T h is  e va lu a tio n  dem onstra tes  th e  p ra c t ic a l use o f the  ra in /n o - ra in  

c la ss ific a tio n  scheme developed.

T h e  p rocedu re  developed in  th is  pape r was co m p a re d  aga ins t o th e r c lassifica­

t io n  m e thods , n a m e ly  s im p le  c la ss ifica tio n  us ing  a re f le c t iv ity  th resho ld  and the  

com b ined  learned  v e c to r q u a n tiz a tio n  (L V Q ) n e tw o rk  a nd  se lf-o rg an iza tion  m ap­

p in g  (S O M ).

T h e  com b ined  L V Q  and S O M  m e tho d  d id  n o t p e r fo rm  as w e ll as the  R B F  

n e tw o rk , e spe c ia lly  fo r  the  ra in  cases. A  re f le c t iv ity  th re sh o ld  based decis ion  fo r 

ra in /n o - ra in  c la ss ific a tio n  is a ttra c t iv e  because i t  is ve ry  s im p le . However, the  

o p t im u m  th re sh o ld  th a t  m in im ize d  the  o p t im u m  th re s h o ld  th a t m in im ize d  the  

p ro b a b il i ty  o f  e rroneous decision kept chang ing  w ith  th e  d a ta  set. In  a d d it io n , 

the  o p t im u m  th re s h o ld  based on  one d a ta  set y ie ld  s u b s ta n t ia lly  h ighe r e rro rs  in  

ra in fa ll a c c u m u la tio n  fo r  o th e r d a ta  sets.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



105

Table' 5.3: T h e  pe rfo rm ance  o f  a n eu ra l ne tw o rk  ra in /n o - ra in  classifie r based on 
d a ta  co llec ted  in  A u g u s t. 1995

data  samples correct samples incorrect samples correct rate
ra in  (Aug./1995) 3127 2304 823 74%
no-rain (A u g ./1995) 9480 8496 984 90%
ra in  (Sept./1995) 442 333 109 75%
no-rain (S e p t./1995) 7188 6902 286 96%

T he R B F  ne tw o rk  fo r  ra in /n o - ra in  c la ss ifica tion  are cons truc ted  by us ing  d a ta  

co llected  in J u ly . 1993. T h is  neura l n e tw o rk  c lass ifie r was tested on the  d a ta  

co llec ted  tw o years la te r, i.e .. A u g u s t/S e p te m b e r. 1995. D u rin g  these tw o  years, 

m any facto rs  re la ted  to  ra d a r m ay have changed, such as the  ra d a r c a lib ra tio n . To 

eva lua te  th is  we developed a ra in /n o - ra in  c la ss ifica tio n  neura l ne tw o rk  based on 

the  d a ta  co llected  in  A u g u s t 1995 and tes ted  i t  on th e  d a ta  co llec ted  in  S eptem ber 

1995. T he  c la ss ifica tion  resu lts  are presented in  th e  ta b le  5.3. A  com parison  o f  

c lass ifica tion  re su lt fo r S ep tem ber 1995 d a ta  in  ta b le  5.2 and ta b le  5.3 shows a ve ry  

s lig h t im p ro ve m e n t i f  t ra in in g  based on the  d a ta  fro m  th e  same year. Perhaps the  

ra d a r ch a rac te ris tics  d id  n o t change m uch. In  a d d it io n , th is  test dem onstra tes  the  

robustness o f  the  procedure . T h e  co rre sp on d ing  im p ro ve m e n t in  ra in fa ll e s tim a tio n  

was also s im ila r  (a b ou t 189c).

5 .4  S u m m a ry  an d  C o n c lu s io n

A  R B F  neu ra l n e tw o rk  based scheme fo r the  d e te rm in a tio n  o f  presence/absence 

o f p re c ip ita t io n  ( ra in /n o - ra in )  on the  g ro u n d  is presented in  th is  chap te r. T he  R B F  

n e tw o rk  is set up by us ing  th e  ra d a r d a ta  and  associated ra ingage d a ta  co lle c ted  

in the  v ic in ity  o f  the ra d a r. D a ta  co lle c ted  d u r in g  J u ly  1993 was used to  t ra in  

and test the R B F  ne tw o rk . D a ta  co lle c ted  in  A u g u s t and  S eptem ber o f  1995 are 

used to  eva lua te  the  pe rfo rm ance  o f  th e  R B F  n e tw o rk  fo r ra in /n o - ra in  d e te c tio n
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011 g ro un d . T h e  averaged co rre c t c la ss ifica tio n  ra te  fo r  the  e v a lu a tio n  d a ta  is a b o u t 

8-1%. B y  using  the  c la ss ifica tio n  scheme before a p p ly in g  Z -R  a lg o r ith m , the  ra in ­

fa ll e s tim a tio n  accuracy is im p ro ve d  by 18%. T h e  pe rfo rm ance  was a lso com pared  

w ith  o th e r c la ss ifica tion  m e th o d  n a m e ly  learned ve c to r q u a n tiz a tio n . T h e  resu lt 

shows th a t the  R B F  n e tw o rk  pe rfo rm s b e tte r  th a n  the  learned  ve c to r q u a n tiz a t io n  

m e tho d . T h e  R B F  n e tw o rk  deve loped in  th is  pape r can be used in  a u to m a te d  

c o m p u ta tio n  o f  p re c ip ita t io n  on the  g ro u n d  fro m  radars.

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Chapter 6

D E V E L O P M E N T  O F  N E U R A L  N E T W O R K S  F O R  R A D A R  

R A IN F A L L  E S T IM A T IO N

6.1  In tr o d u c tio n

R a in fa ll e s tim a tio n  by us ing  a neu ra l n e tw o rk  has been in tro d u c e d  as a con­

ven ien t. e ffic ien t and  ro b u s t m e th o d  in  the w e a th e r ra d a r sys tem  a p p lic a t io n . 

X ia o  and  C hand raseka r(1997 ) p roposed a fra m e w o rk  (X ia o . 1996. X ia o  a nd  C han- 

drasekar. 1997) to  deve lop  neu ra l n e tw o rk  e s tim a te s  o f  ra in fa ll /s n o w fa l l and in ­

ves tiga ted  the  p o te n t ia l and im p ro ve m e n t o f  e s tim a tio n  accu racy  by using  the  

rn u lt ip e rc e p tro n  b a c k p ro p a g a tio n  n eu ra l n e tw o rk . T h e  n e u ra l n e tw o rk  techn ique  

invo lves t ra in in g  th e  n e tw o rk  based on a rep resen ta tive  d a ta  set c o n s is tin g  o f  ra d a r 

m easurem ents fro m  3 -D im e n s io n a l p re c ip ita t io n  reg ion  and  co rre s p o n d in g  g ro un d  

based ra ingage o bse rva tions . R a d a r d a ta  are a p p lie d  to  th e  n e tw o rk  as the  in p u t 

and the  co rre sp o n d in g  ra ingage  d a ta  are used as th e  desired  o u tp u t  to  gu ide  the  

le a rn in g  o f  the  pa ram e te rs  o f  th e  M L P  neura l n e tw o rk  d u r in g  th e  t ra in in g  process. 

T h e  recu rs ive  least square  (R L S ) b a ckp ro p a g a tio n  le a rn in g  a lg o r ith m  has been 

used to  b u ild  a th ree  laye r B P X  fo r  ra in fa ll e s tim a tio n  based on  d a ta  co llec ted  by 

C P -2  m u lt ip a ra rn e tc r  ra d a r and  W S R -8 8 D  system s, respec tive ly . O nce th e  t ra in ­

in g  process is co m p le te , th e  n e tw o rk  is ready fo r  a p p lic a t io n . T h e  pe rfo rm ance  

o f  the  n e tw o rk  is e va lua ted  by us ing  a separate d a ta  set w h ic h  was n o t used in  

the* t ra in in g  process. T h e  schem atic  i l lu s tra t io n  o f  t ra in in g  o f  an M L P  fo r  ra in fa ll
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F igu re  6 . 1 : D eve lopm ent o f  m u lt ila y e r p e rc e p tro n  (M L P )  fo r ra in fa ll e s tim a tio n ,
(a) T ra in in g  o f  an M L P  fo r ra in fa ll e s tim a tio n , (b ) A p p lic a t io n  o f  M L P  fo r  ra in fa ll 
e s tim a tio n . [F rom  x iao 's  d isse rta tio n ]

e s tim a tio n  and a p p lic a tio n  o f  an M L P  fo r ra in fa ll  e s tim a tio n , as proposed by x iao  

and C lian d ra seka r (1997). is show n in  F ig u re  6 . 1 .

Based on th is  p revious s tudy , we can fu r th e r  s tu d y  the  fac to rs  th a t in fluence 

the  pe rfo rm ance  o f  the  neura l n e tw o rk  fo r ra in fa ll e s tim a tio n , so th a t we can de­

s ign a neu ra l n e tw o rk  th a t  can be used to  e s tim a te  ra in fa ll in  re a l-tim e . In  th is  

chap te r, we s tu d y  fu r th e r the  a p p lic a tio n  o f  n e u ra l ne tw o rks  fo r ra in fa ll e s tim a tio n  

p rob lem s. In  o rd e r to  p u t the  techn ique  in to  a rea l o p e ra tio n  fo r ra in fa ll es tim a­

t io n . some im p o r ta n t issues fo r successful a p p lic a t io n , such as choosing th e  r ig h t 

s tru c tu re  o f  neu ra l ne tw o rk , e xa m in in g  the  m o s t a p p ro p r ia te  and  e ffic ien t lea rn ing  

a lg o r ith m , d e te rm in in g  the  o p tim u m  c o m b in a tio n  o f  in p u t variab les p o la r im e tr i-  

c a lly  and s p a tia lly , a p p ro p ria te  t ra in in g  d a ta  set se lec tion  and p re-processing and 

post-p rocess ing , s tu d y in g  the  m e thods  o f  im p ro v in g  the  gen e ra liza tion  c a p a b ility , 

are inves tiga ted . Successfu lly s o lv in g  a ll these issues is im p o r ta n t fo r b u ild in g  a 

h ig h -p e rfo rm a nce  neura l n e tw o rk  fo r ra in fa ll e s tim a tio n , however, th is  is s t i l l  not
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su ffic ien t fo r b u ild in g  a feasible n e tw o rk  fo r ra in fa ll e s tim a tio n . C o n s id e rin g  there  

is w ide v a r ia b i l i ty  o f  the  re la tio n sh ip s  between ra in fa ll ra te  recorded on th e  g round  

and the  ra d a r m easurem ents a lo ft ,  a neu ra l n e tw o rk  w ith  fixed s tru c tu re  and pa­

ram e ters  m ay not p e rfo rm  w e ll in  a ll cases. Fo r a b e tte r  perfo rm ance, th e  ne tw o rk  

can be fine -tuned  w ith  every ra in fa ll reg im e. H ow ever re tra in in g  the  n e tw o rk  can 

be a ted ious  task. A n  a d a p tive  neu ra l n e tw o rk  whose param eters can be upda ted  

in  an a d a p tiv e  m anne r based on the  m ost recent in fo rm a tio n  is a good co m p ro m is ­

ing  s o lu tio n  to  the  d ile m m a  o f  accuracy and  gen e ra liza tion . A n  a d a p tiv e  scheme 

is deve loped in  th is  ch ap te r fo r d y n a m ic a lly  u p d a tin g  the s tru c tu re  and  param e­

ters o f  th e  neura l n e tw o rk  w h ich  enables the  n e tw o rk  to  handle th e  n o n -s ta tio n a ry  

re la tio n s h ip  between ra d a r m easurem ents and  p re c ip ita t io n  e s tim a tio n  th a t  occu r 

w ith  change o f  season, lo ca tio n  and  o th e r e n v iro n m e n t cond itions .

Section  6.2 describes and com pares p o te n t ia l neura l ne tw o rk  topo log ies  fo r 

ra d a r ra in fa ll e s tim a tio n . In  a d d it io n , some cons ide ra tions  fo r choos ing  the  r ig h t 

type  o f  neu ra l n e tw o rk  fo r ra in fa ll e s tim a tio n  are discussed in  th is  sec tion . In  

section  6.3. choice o f  in p u t is in ve s tiga ted . T ra in in g  d a ta  p re p a ra tio n  is covered in  

section 6.4. F in a lly , an a d a p tive  neu ra l n e tw o rk  scheme for ra in fa ll e s tim a tio n  is 

proposed in  section 6.5. T he  a p p lic a t io n  o f  the  a d a p tive  scheme is represented in  

the  fo llo w in g  chap te r.

6 .2  N e u r a l N e tw o rk  T o p o lo g y  for R a d a r  R a in fa ll E s t im a tio n

G ene ra lly , ra in fa ll e s tim a tio n  based on  p o la r im e tr ic  radar m easurem ents can 

be m ode lled  as a m u lt iv a r ia te  fu n c tio n  a p p ro x im a tio n  p rob lem . T h e  o b je c tive  

to  find  a n on -line a r com p lex  m a p p in g  fu n c tio n  fro m  ra d a r m easurem ents to  the  

ra in fa ll ra te . I t  has been shown th a t  neu ra l ne tw o rks  can a p p ro x im a te  any  g iven 

con tin u ou s  fu n c tio n  based on a co m p ac t subset o f  d a ta  cases to  any degree o f  

accuracy, p rov ided  th a t  a su ffic ien t n um b e r o f  h idden  layer neuron  is used. There
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arc  tw o  typos o f  neu ra l n e tw o rk  th a t a re  m ost s u ita b le  fo r fu n c tio n  a p p ro x im a tio n , 

i.e .. M u It iL a y e r  P e rcep tron  N eura l N e tw o rk  (M L P N N )  and R a d ia l Basis F u n c tio n  

N e u ra l N e tw o rk  (R B F N N ) . T he  s tru c tu re s  and  le a rn in g  a lg o r ith m  re levant to  these 

tw o  neu ra l n e tw o rk  were in tro d u ce d  in  c h a p te r 2 .

B o th  M L P N N  and  R B F  are M u lt i la y e r  F eed fo rw a rd  neu ra l netw orks, b u t the re  

som e d iffe rence  between these tw o n e tw o rks . T h e  d iffe rences are lis te d  as fo llo w in g :

(1) D ifference in Architecture

M L P  n eu ra l n e tw o rk  m ay have severa l h id de n  layers, and M L P N N  w ith  m ore  

th a n  2  h id de n  layers can m ap any a rb it r a r y  fu n c t io n  fro m  in p u t space to  the  

o u tp u t space. A  co nve n tion a l R B F  n e u ra l n e tw o rk  has o n ly  one h idden  laye r, 

b u t it  can be ve ry  usefu l to  in c lude  a lin e a r la ye r fo r  d im e n s io n a lity  re d u c tio n  

o r a n o n -lin e a r tra n s fo rm a tio n  o f  each in p u t.  T h e  purpose  o f  the  d im e n s io n a lity  

re d u c tio n  is to  avo id  the  p rob lem  caused by  "C u rse  o f  D im e n s io n a lity '.  and n on ­

lin e a r t ra n s fo rm a tio n  o f  each in p u ts  w i l l  m ake th e  le a rn in g  easier fo r  the  n e tw o rk .

(2) D ifference in Com bination Function

Each neu ron  a lw ays uses some ty p e  o f  c o m b in a tio n  fu n c tio n  to  com bine  the  

in p u ts - to  the  neuron . F o r M L P N N . lin e a r c o m b in a t io n ' fu n c tio n  the fo rm  o f  

u’ i i i J  i -f- +  ••• +  u-'wn-En- w h ich  is the  in n e r  product o f  the  in p u t ve c to r

[ / | .  x>. — r „ ]  and  the  s yn a p tic  w e ig h t ve c to r [u /m .  tcn-i- ... u.'iVn] o f  neuron , is 

used. As fo r th e  R B F N N . the  c o m b in a tio n  fu n c tio n s  are based on the  E uc lidean  

d is tan ce  betw een the  in p u t vec to r and  ce n te r v e c to r [cu . Cfj. . . . c Iri] as the  fo rm  o f

(-T1 - r n  ) - - r - ( X - . . -C l - j )2 - r . . . - r - ( x „ - C i n )2V '' ~ .
r r

(2) D ifference in A ctiva tion  Function

A f te r  the  in p u ts  are com b ined  by a c o m b in a tio n  fu n c tio n , th e  a c tiv a t io n  fu n c ­

t io n  acts  on th e  com b ined  resu lt o f  each neuron  to  p roduce  the  neuron 's  o u tp u t.  

Fo r M L P N N . the  m ost co m m o n ly  used fo rm s  o f  th e  a c tiv a t io n  fu n c tio n  are s ig m o id .

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



I l l

ta n g e n t, h a rd  l im it ,  and  lin e a r. F o r R B F X X .  the  m ost c o m m o n ly  used a c tiv a tio n  

fu n c tio n  is e xp o n e n tia l.

(4} D ifference in Param eters

T h e  pa ram ete rs  th a t are needed to  lea rn  fro m  tra in in g  depend  on the  com ­

b in a tio n  fu n c tio n  and a c t iv a t io n  fu n c t io n , and  can be d iffe re n t fo r  M L P X X  and 

R B F X X . W e igh ts  and  biases a re  tw o  pa ram e te rs  used in  M L P X X . whereas w id th s  

and cente rs fo r  the  h id de n  la ye r neu ro n  and  w e ights  from  h idden la ye r to  th e  o u tp u t 

layer, are the  pa ram ete rs  used in  R B F X X .

(5) D ifference in Training A lgorithm

T h e  t ra in in g  a lg o r ith m  is th e  m e th o d  th a t  neura l ne tw orks use to  a d ju s t th e ir  

p a ram e te rs . T h e  B a c k -P ro p a g a tio n  (B P ) is the  m ost w id e ly  used tra in in g  a lgo­

r i th m  fo r M L P X X . U s u a lly  th is  m e th o d  is ve ry  slow, espec ia lly , fo r la rge-scale  

p rob lem s. F o r co n ve n tio n a l R B F X X .  "h y b r id  t ra in in g ”  m e thods  are o fte n  used, 

in  w h ich  th e  centers and  w id th s  fo r  th e  h id de n  layer neurons are  f irs t o b ta in e d  

by unsupe rv ised  le a rn in g  and  th e  w e igh ts  are co m pu ted  by a supe rw ised  le a rn in g  

m e th o d . T h e  superv ised  le a rn in g  is q u ite  s tra ig h tfo rw a rd  and  ve ry  e ffic ie n t be­

cause th e  c o m p u ta tio n  reduces to  a lin e a r o r  genera lized lin e a r m o de l. T he re fo re , 

the  t ra in in g  process is ve ry  fas t. Even th o u g h  the  "h y b r id  t ra in in g '' m e th o d  is ve ry  

fast, i t  can n o t gua ran tee  to  f in d  th e  o p t im u m  loca tions  o f th e  cen te r, the re fo re . 

O rth o g o n a l Least Square (O L S ) supe rv ised  le a rn in g  m ethods a re  recom m ended  fo r 

o b ta in in g  th e  centers o f  th e  h id d e n  neurons. How ever th is  m e th o d  is n o t as fast as 

"u n sup e rv ise d  le a rn in g " , b u t i t  is s t i l l  fa s te r th a n  the  B P  le a rn in g  a lg o r ith m  (S. 

C hen. 1991).

(6) Difference, in Response to R edundant Inputs

B o th  M L P X X  and R B F X X  can h and le  re d un d an t in p u ts  v e ry  w e ll, because 

the  re d u n d a n t in p u ts  have l i t t le  e ffect on th e  e ffective  d im e n s io n a lity  o f  th e  da ta .
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I f  the* test cases fo llo w  the  sam e re d u n d a n t p a tte rn s  as the  t ra in in g  d a ta  set the  

ne tw o rks  can provide* ve ry  a ccu ra te  o u tp u ts , o the rw ise  e x tra p o la tio n  is needed fo r 

tlie* g e n e ra liza tio n , w h ich  w i l l  p ro b a b ly  cause the  gen e ra liza tion  to  fa il.

(7) Difference in Respon.se to Irrelevant Inpu ts

T h e  M L P X X  is good a t ig n o rin g  irre le v a n t in p u ts . The  f irs t h idden laye r 

o f  the  M L P  can p e rfo rm  lin e a r tra n s fo rm a tio n  o f  the  in p u ts  and reduce the d i­

m en s ion a lity . A d d in g  irre le v a n t in p u ts  to  the  t ra in in g  d a ta  does n o t increase the  

n um be r o f  h idden  u n its  re q u ire d , a lth o u g h  i t  increases the  a m o un t o f  tra in in g  d a ta  

requ ired . C o n ven tio na l R B F  ne tw orks  a re  n o t good a t ig n o rin g  the  irre levan t in ­

pu ts . T h e  num be r o f  h idden  u n its  re q u ire d  grow s e x p o n e n tia lly  w ith  the  num be r 

o f in p u ts , regardless how m a n y  in p u ts  are re levan t.

(8) Difference in Generalization Capability

T h e  M L P X X  tends to  over genera lize . T h is  is e v iden t in  the  case o f  p a tte rn  

c la ss ifica tio n . A n  M L P  can be tra in e d  to  have h ig h  accuracy in  c la ss ify in g  p a tte rn s  

fro m  a set o f know n  categories, b u t w il l  a lso c lass ify  any o u t-o f-ca te g o ry  p a tte rn  

as one o f  the  tra in e d  ca tegories. However, the  R B F X X  w ou ld  p ro b a b ly  c lassify the  

o u t-o f-c a te g o ry  p a tte rn  as an unknow n  ca te g o ry  (tao . 1992). U sua lly , the  R B F X X  

has good  g en e ra liza tio n  in  th e  tra in e d  subspace, any g e n e ra liza tion  th a t  requires 

an e xp t.ra p o la tio n  tends to  fa il.

(8) Difference in  A pproxim ation Characteri.stic.s

T h e  d iffe rence  between M L P X X  and R B F X X  in  the  aspect o f fu n c tio n  app rox­

im a tio n . o r so-ca lled in p u t-o u tp u t  m a p p in g , is th a t  the  M L P X X  c o n s tru c t global 

a p p ro x im a tio n s  w h ile  R B F  ne tw o rks  use e x p o n e n tia lly  decay ing  loca lized  n o n lin - 

e a rities  (e.g.. G aussian fu n c tio n s ) to  c o n s tru c t local a p p ro x im a tio n s . Therefore , 

the  M L P X X  m ay requ ire  a s m a lle r n u m b e r o f  param ete rs  th a n  the  R B F  ne tw o rk
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fo r th t ' same degree o f  accuracy fo r the  a p p ro x im a tio n s  to  n o n lin e a r in p u t-o u tp u t 

m a pp ing .

From  tlit* above com parison  between M L P X X  a n d  R B F X X . we know  th a t 

these tw o neura l ne tw o rks  have th e ir  ow n advantages a nd  d isadvantages. We can­

no t s im p ly  conc lude  w h ich  one o u tp e rfo rm s  the  o th e r. T h e  spec ific  a p p lic a tio n  

d rives  the  decis ion  o f  w h ich  n e tw o rk  to  choose. F o llo w in g  are some conside ra tions 

fo r choosing  a neu ra l n e tw o rk  between the  M L P X X  a nd  R B F X X :

•  In  the  case o f  su ffic ie n t t ra in in g  d a ta  a va ilab le . R B F X X  is a good choice 

because R B F X X  is fast and the  adverse e ffect caused by "C u rse  o f  D im en ­

s io n a lity "  is n o t serious (w hen there  is adequa te  d a ta .)

•  I f  a d y n a m ic  n eu ra l n e tw o rk  is needed in  a p p lic a t io n . R B F X X  is preferred 

because i t  has a " lo c a l receptive  fie ld ” , the  lo ca l change in  th e  n e tw o rk  w il l 

n o t a ffect the  o th e r p a rt o f  the  n e tw o rk . I t  is re la t iv e ly  easy to  im p lem en t 

the  a d a p tiv e  R B F X X . however, i t  is ve ry  d if f ic u l t  to  im p le m e n t d yna m ic  

M L P X X . since i t  requ ires  com p le te  re - tra in in g  w hen  new d a ta  becomes ava il­

able.

•  In  the  case o f  s c a rc ity  o f  d a ta , o r in  the  case o f  m a n y  in p u ts  va riab les , w hich 

we are n o t sure are re levan t to  the  o u tp u t,  we sh o u ld  choose M L P X X  for 

b e tte r  g e n e ra liza tio n .

6 .3  In p u t O p t im iz a t io n  a n d  P r e -p r o c e s s in g

T h ere  are m a n y  fa c to rs  th a t w ou ld  in fluence  th e  pe rfo rm an ce  o f  the  neura l 

n e tw o rk  fo r ra in fa ll e s tim a tio n . F irs t  o f  a ll.  th e  in p u ts  to  the  n e tw o rk  should  

co n ta in  su ffic ien t in fo rm a tio n  p e r ta in in g  to  the  ra in fa ll on the  g ro u n d , so th a t 

there  ex is ts  a n o n lin e a r m a p p in g  fu n c tio n  re la t in g  th e  ra in  ra te  on the  g round 

w ith  ra d a r m easurem ents.
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Several p o la r im c tr ic  ra d a r m easurem en ts  th a t can lie  used fo r ra in fa ll e s tim a ­

tio n  art*: re f le c t iv ity  fa c to r (Z h). d if fe re n t ia l re f le c t iv ity  (Zdr) and  specific  d if fe r ­

e n tia l phase s h if t  {KdP). A  case s tu d y  d e m o n s tra te d  th a t, when ra in  ra te  is s m a ll 

(/?  <  1 0  m m h r ~ [. R  represents th e  ra in  ra te ) , i t  is a p p ro p ria te  to  use Z/, (h o r iz o n ta l 

re f le c t iv ity )  a lone to  es tim a te  ra in fa ll:  the  c o m b in a t io n  o f  Z/t and Z dr can p ro v id e  

good e s tim a tio n  when ra in  ra te  is m o d e ra te  (20 m m h r ~ l < R  < 70rnrnhr~l ). 

W hen  ra in  ra te  is heavy (R  >  70 m m h r ~ l ). u s ing  K dp provides a good e s tim a te  

(B r in g i and C handrasekar. 2000).

Z /,. Z,ir and K dp can be c a n d id a te  in p u t  va riab les  fo r ra in fa ll e s tim a tio n , b u t 

no t m a n y  radars  can measure these va ria b le s . Hence fo r th  in th is  chap te r. Z /,. Z dr 

and K,ip a re  re fered to  as candidate input variables (C IV ).

6 .3 .1  S p a tia l s e le c t io n  o f  In p u t v a r ia b le s

To e s tim a te  the  ra in fa ll a t a lo c a tio n  on  the  g ro u n d  (denoted as E P O G : Es­

t im a t io n  P o in t O n  the  G ro un d , as show n in  F ig u re  6 .2 ). radar m easurem ents over 

a reg ion  a ro u n d  th e  E P O G  are needed to  a p p ly  to  th e  neural n e tw o rk  as in p u ts .

6 .3 .1 .1  S p a tia l S tru c tu r e  o f  R a d a r  D a t a

A  pulsed D o p p le r ra d a r opera tes in  e ith e r  P P I (P la n  P os ition  In d ic a to rs ) o r 

R H I (R ange  H e ig h t In d ica to rs ) m ode. T h e  P P I m ode  is shown in  F ig u re  6.3. For 

each P P I scan, the  ra d a r beams keep e le v a tio n  angles constan t, and a z im u th  angles 

m ay varies fro m  0 ° to  360°. T h e  R H I m ode  is  il lu s tra te d  in  F ig u re  6.4. F o r each 

R H I scan, the  ra d a r beams keep the  a z im u th  ang le  constan t, the  e leva tion  ang le  

can change fro m  0° to  90° (o r less). A  ra d a r  vo lum e  scan consists o f  several P P I 

o r R H I scans. R a d a r m easurem ents are co lle c te d  a lo n g  the range as equi-spaced 

sam ples. F o r C S U -C H IL L  ra d a r, th e  range s a m p lin g  d is tance  is 150 m. T he re fo re , 

the  ra d a r d a ta  are d is tr ib u te d  s p a t ia lly  on  th e  g rid s  as shown in  F ig u re  6.5.
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F ig u re  C.2 : i l lu s t ra t io n  o f  ra in  ra te  e s tim a tio n  fo r  g ro un d  s ite  E P O G  by a ra d a r

Az: 0-360  

El: 60

EM beams on 
the surface of 
the cone

a PPI scanX

Az: 0-360 
El: 45

EM beams on 
the surface of 
the cone

X a PPI scan

F igure  6.3: P P I scan m ode

Az: 120 
El: 0-90

EM beams on 
the surface of 
the cone

X a RHI scan

Az: 150
El: 0-90

EM beams on 
the surface of 
the cone

a RHI scanX

F igure  6.4: R H I scan m ode
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F ig u re  6.5: i l lu s tra t io n  o f  d a ta  g rid s  in  a P P I o r R H I scan
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U sua lly , i t  takes a b o u t 5 m in u te s  fo r a ra d a r to  p e rfo rm  a vo lu m e  scan. T h e  

ra d a r m easurem ents are d isc re te  in  t im e  d o m a in  and sp a tia l d o m a in . F o r any 

g ro un d  s ite  in  th e  range o f  ra d a r scan, ra in  ra te  e s tim a tio n  can be ca rrie d  o u t in  

the* t im e  in te rv a l o f  ra d a r vo lum e  scan tim e .

6 .3 .1 .2  F e a tu r e /D a ta  E x tr a c t io n

From  vo lu m e  scan d a ta , a subset o f needs to  be e x tra c te d  fo r  th e  purpose  o f 

e s tim a tin g  the  ra in  ra te  c o rre sp o n d in g  to  a specific  g ro un d  site . T h is  d a ta  subset 

shou ld  be m ost co rre la ted  to  the  ra in  ra te  a t the  g ro u n d  site .

(1) Searching the moat correlated radar-scattering volum es

T he  ra in fa ll ra te  a t t im e  t is m ost co rre la ted  to  ra d a r m easurem ents in  ra d a r- 

sc a tte rin g  vo lum es a t t im e  t — tg. d u r in g  when the  ra in fa ll fie ld  decends to  the  

lo c a tio n  o f g ro u n d . These m ost c o rre la te d  ra d a r-s c a tte r in g  vo lum es cou ld  be d if ­

ferent s to rm s. A y d in  et a l (1987) in ve s tiga ted  th e  m e tho d  o f  f in d in g  the  m ost 

co rre la ted  ra d a r-s c a tte r in g  vo lum es by  s tu d y in g  th e  h o r izo n ta l a nd  v e rtic a l m o­

t io n  o f  ra in d ro p s . In  th is  m e tho d , es tim a tes  o f  th e  speed and d ire c t io n  o f  the  

s to rm  were o b ta in e d  by o b se rv in g  th e  re f le c t iv ity  co n to u rs  from  P P I scans a t d i f ­

fe ren t tim es d u r in g  the  ra in fa ll event. T h e n  a long  the  s to rm  p a th  d ire c t io n , several 

co lum ns (ca lled  sw a th ) are e xam ined  to  fin d  the  ce lls  th a t co rre la te  best w ith  the  

ra in  ra te  a t th e  g ro un d  lo c a tio n . These cells define the  reg ion in  space th a t m ost 

l ik e ly  co n tr ib u te s  to  the  ra in  ra te  e s tim a tio n  a t E P O G . Z /t. Z dr- a nd  K dp ( i f  th e y  

are a ll a va ilab le ) are e x tra c te d  fro m  th e  m ost c o rre la te d  ra d a r-s c a tte r in g  vo lum e.

(2) Obtain the surface profile and the vertical profile

In tu it iv e ly ,  th e  fa r th e r th e  ra d a r m easurem ents are fro m  the  E P O G . the  less 

in fo rm a tio n  th e y  can p ro v id e  fo r g ro u n d  ra in  ra te  e s tim a tio n . A s a resu lt, ra d a r 

m easurem ents fro m  a th ree  d im e n s io n a l reg ion  ju s t  above the E P O G  c o n tr ib u te
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F ig u re  6 .6 : 3D  reg ion  above th e  E P O G

m ost to  th e  ra in  ra te  e s tim a tio n : T h e  la rg e r th e  reg ion , the  m ore d a ta  i t  w il l 

p ro v ide  fo r  in p u t and  hence the in p u t space w i l l  be o f  a h ig h e r d im e n s io n a lity . T h is  

aggravates the  p ro b le m  o f  "curse o f  d im e n s io n a lity ” . T h e  o p tim u m  d im ens ion  o f  

the  reg ion  depends on  the  s to rm  ch a rac te ris tics , such as s to rm  cell size, the  s to rm 's  

m o v in g  speed and  d ire c t io n , e tc. A  com m o n  3 -D  reg ion  shou ld  be defined so as 

to  a p p ly  th e  n e u ra l n e tw o rk  to  va rious s to rm s  fo r  genera l a p p lic a tio n . There fo re , 

a 3 -D  reg ion  w ith  3 km  x  3 km  surface size and  4 k m  he igh t is used (as shown 

in  F ig u re  6 .6 ). F ro m  th is  3-D  reg ion , a surface p ro file  and  a ve rtica l p ro file  are 

e x tra c te d  (as show n in  th e  F igu re  6 .7 ). fu r th e r  decreas ing  th e  in p u t d im e n s io n a lity .

T h e  su rface  p ro file  can be o b ta in e d  as fo llo w s : T h e  lowest surface (a t 1 km  

a lt itu d e )  in  the  3 -D  reg ion  is segm ented in to  9 e q u a lly  p a r tit io n e d  square areas, 

ra d a r m easurem ents a re  averaged in  each o f  the  s m a ll area. 9 averaged d a ta  can 

be o b ta in e d  on the  surface, they  are ca lled  su rface  p ro files . The  th ree  p o te n tia l 

surface p ro file s  are Z h surface p ro file . Z<ir su rface  p ro file  and  K dp surface p ro file . 

T h e  v e rtic a l p ro file s  are  ob ta ined  by averag ing  ra d a r m easurem ents on the  surface 

w ith .h e ig h t o f  1 km . 2 km . 3 km  and 4 km . re sp ec tive ly . S im ila r ly , the re  are th ree
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v e r tic a l  p n » til<
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F ig u re  6.7: c o n fig u ra tio n  o f  surface p ro file  and  v e rtic a l p ro file

possib le  v e r tic a l p ro files , th e y  are Z/, v e rt ic a l p ro file . Z j r ve rtic a l p ro file  and K dp 

v e rtic a l p ro file , respective ly .

T h e  in p u ts  se lection  m e tho d  by search ing  the m ost co rre la ted  ra d a r-s c a tte r in g  

vo lum es and e x tra c t in g  the  C IV  fro m  the  vo lum e is co m p lica te d . I t  requires sig­

n ifica n t c o m p u ta tio n  to  o b ta in  the  s to rm  speed and d ire c t io n  a t d iffe re n t in s tan ts . 

C o m p a ra tiv e ly , the  in p u ts  e x tra c te d  ju s t  fro m  surface and v e rt ic a l p ro file  are m uch 

s im p le r. T h e  s p a tia l lo ca tio n s  o f  the  in p u ts  are fixed, there fo re , the  process is faste r 

and m ore  p ra c tic a l th a n  the  f irs t m e tho d .

(■i) O ptim um  combination o f  candidate variables spatially

A fte r  e x tra c t io n  o f  the  surface and  v e rtic a l p ro file  fro m  the  o r ig in a l d a ta  set. 

the  re s u lt in g  subset s t i l l  consists o f  9 p o in ts  fro m  the  surface p ro files  and 4 po in ts  

fro m  the  v e rtic a l p ro files  fo r each o f  th e  in p u t va ria b le  cand ida tes. I f  a ll th ree  in p u t 

ra d a r p a ram e te rs  are ava ilab le , the re  are a to ta l o f  39 in p u t cand ida tes. B u ild in g  a 

neura l n e tw o rk  w ith  39 in p u ts  reasonable, b u t there  s t i l l  m ay be some redundancy 

present in  the  d a ta . T h e  p o s s ib il ity  o f  fu r th e r  re d uc in g  the  size o f  the  in p u t subset 

by search ing  fo r the  o p tim u m  c o m b in a tio n  o f  ca n d id a te  variab les is investiga ted  

next.

T he  e xp e rim e n t is based on d a ta  fro m  the  C aP E  p rog ram  conducted  in  1993. 

and a R B F  neu ra l ne tw o rk  is chosen. F rom  th is  C a P E  d a ta  set. o n lv  tw o  o f
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T a b le  G .l: Perform ance co m p a rison  o f  n e u ra l ne tw o rks  w ith  d iffe re n t in p u ts  (1)

| E x p e rim e n t no. in p u t va ria b les in p u ts  num ber FSE
1 Z/,_S 9 0 . 2 2 2

2 Z /t_S. Z /,_ \ 13 0 . 2 0 2

3 Z /j-S . Z drS 18 0.203
4 Z /j-S , Z d r_\ 13 0.182
•5 Z /t_S. Z /j_ \ . Z d r.S 2 2 0.207
6 Z/jJS. Z /t _ \ . Z dr x 17 0.207
7 Z/,_S. Z rfr_S. Z dr 2 2 0 . 2 2 1

8 Z/.-S . Z /,-V , Zrfr -S. Zrfr _\ 26 0.207

th e  in p u t v a ria b le  cand ida tes  are a va ila b le , w h ich  are Z/, and  Zdr. D a ta  fro m  

20 ra ingages are ava ilab le  in  a d d it io n  to  ra d a r d a ta . D e ta ils  o f  th is  d a ta  set are 

described  in  X ia o  (1997). T h is  leads to  tw o  su rface  p ro file s  and  tw o  v e rtic a l p ro files . 

T h e  e igh t co m b ina tio ns  a rc  1) Z/, su rface  p ro file  2) Z h su rface  p ro file  and Z h v e rt ic a l 

p ro files  3) Z /t surface p ro file  and Z dr su rface  p ro file  4) Z h surface p ro file  and Z dr 

v e rtic a l p ro files  5) Z/, surface p ro file . Z/, v e r t ic a l p ro file s  and  and  Z dr surface p ro file  

0 ) Z/, surface p ro file . Z/, v e rtic a l p ro file s  and  Z dr v e r t ic a l p ro files 7) Z/, surface 

p ro file . Z dr surface p ro file  and Z dr v e r t ic a l p ro file s  8 ) Z /t surface p ro file . Z h v e rtic a l 

p ro files . Z dr surface p ro file  and  Z dr v e r t ic a l p ro files .

Case 1 : U s in g  d a ta  from  gauges 1, 4. 8 . 12. 10, 20 as t ra in in g  d a ta

In  th is  case, da ta  fro m  gauges 1. 4. 8 . 12. 16. 20 are used as t ra in in g  d a ta . 

W h e n  o n ly  the  9 po in ts  b e lon g ing  to  th e  Z /t surface p ro file  are used as in p u ts , 

the  average fra c tio n a l s ta n d a rd  e rro r  (F S E ) th e  n e tw o rk  can achieve is 0.222. I f  

the  in p u ts  are  increased the  in p u ts  by a d d in g  Z/, v e rt ic a l p ro files  (4 m ore in p u ts ) , 

the  FSE can be decreased to  0.202: In  a d d it io n ,  the  FS E  decreased by a d d in g  Z dr 

surface p ro files  to  the in p u ts . T h e re  is s ig n if ic a n t p e rfo rm an ce  im provem ent w hen 

the  in p u ts  are  taken fro m  com b ined  Z/, su rface  p ro file  and  Z dr ve rtica l p ro file . In  

th is  s itu a t io n , the  FSE reaches a va lue  o f  0 .182. w h ich  is s u b s ta n tia lly  low er th a n
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T a b le  6.2: P e rfo rm ance  com p a rison  o f n eu ra l ne tw orks  w ith  d iffe re n t in p u ts  (2)

E x p e rim e n t no. in p u t va riab les in p u ts  num be r FSE
1 Z h£ 9 0 . 2 1 0

2 Z/t _S. Z /,_ \ 13 0 . 2 1 0

3 Z/j_S. Zdr-S 18 0.195
4 Z/.-S . Zdr 13 0.171
5 Z /j-S . Z h- \  . Zdr-S 2 2 0 . 2 0 0

6 Zfi-S- Zft- \  . Zrfr A 17 0.196
i Z/.-S . Zdr-S. Zdr 2 2 0.196
8 Zh-S. Z h - \  . Zdr-S. Zdr T 26 0.215

using  the  Z/, su rface  p ro file  a lone  as in p u ts . Because the  t ra in in g  d a ta  is in su ffic ie n t 

in  th is  case, i t  ve ry  eas ily  suffers fro m  th e  p ro b le m  o f  "C urse  o f  D im e n s io n a lity ” 

i f  the  n um be r o f  in p u ts  are increased. T h is  tre n d  is show n ve ry o b v io u s ly  w ith in  

ta b le  6 . 1 .

Case 2: U s ing  d a ta  fro m  gauges 1. 4. 8 . 11. 12. 13. 16. 18. 20 as t ra in in g  d a ta

It  is show n ( as in  ta b le  6.2) in  th is  case also th a t  in c reas ing  the  in p u ts  can 

n o t a lw ays im p ro ve  the  p e rfo rm an ce  o f  the  n e tw o rk . A n d  the  best pe rfo rm an ce  

is re a d ie d  w hen the  Z/, surface p ro file  and  Zdr v e rt ic a l p ro files  gre  the  com b ined  

in p u ts . T h is  is co ns is te n t w ith  w h a t was o b ta in e d  in  case 1.

6 .3 .2  In p u t v a r ia b les  a n d  ta r g e t  o u t p u t  tr a n sfo r m a tio n

In  p r in c ip le , once th e  in p u t va riab les  are d e te rm in e d , the  raw  d a ta  fro m  these 

in p u t va riab les  can be used to  b u ild  the  n eu ra l n e tw o rk . For im p ro ve d  e ffic iency, 

in p u t  va riab les  and  ta rg e t o u tp u ts  are o fte n  passed th ro u g h  some tra n s fo rm a tio n  

before  the  n eu ra l n e tw o rk  is tra in e d . A n  a p p ro p r ia te  tra n s fo rm a tio n  can speed-up 

th e  convergence o f  the  n e tw o rk , m in im iz e  th e  n e tw o rk  size, and m ost im p o r ta n t ly ,  

im p ro ve  th e  n e tw o rk 's  accuracy. T h is  is based on the  fac t th a t i t  is easier to  lea rn  

a s im p le r fu n c tio n  fo r a neu ra l n e tw o rk . T h e  p r io r  know ledge a b o u t the  fu n c tio n
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c an be in co rp o ra te d  in to  the  neu ra l n e tw o rk  by u s in g  a p p ro p ria te  tra n s fo rm a tio n s  

o f  the  in p u t va riab les . In  th is  sec tion , the  in fluence  o f the  in p u t and  o u tp u t 

tra n s fo rm a tio n s  to  the  pe rfo rm an ce  o f  th e  ra in  ra te  e s tim a tio n  neu ra l n e tw o rk  w i l l  

be* s tud ied .

T h e  s im p le  fo rm s  o f  tra n s fo rm a tio n  inc lude  s ta n d a rd iz a tio n  and resca ling  o f  

the  in p u t and o u tp u t d a ta . M ore  co m p lic a te d  tra n s fo rm a tio n s  inc lude  n o n -lin e a r 

m a p p in g  o f  the  d a ta  to  new  values, in  w h ich  case, the  most im p o r ta n t issue is 

f in d in g  the  best n o n - lin e a r m a p p in g  fu n c tio n . T h e  fo rm  o f  the  tra n s fo rm a tio n  

fu n c tio n  depends on the  in tr in s ic  ch a ra c te ris tic s  o f  the  data . T he  fo llo w in g  are 

am ong  the  m any fac to rs  w h ich  need co n s id e ra tio n : in tr in s ic  d im e n s io n a lity  o f  the  

in p u t d a ta , the c o rre la t io n  o f  the  in p u t  d a ta , th e  p o te n tia l re la tio n  between the  

ta rg e t o u tp u t and the  in p u t va riab les, a n d  the  n eu ra l ne tw ork  a rc h ite c tu re  chosen.

For the  ra in fa ll ra te  e s tim a tio n  p ro b le m , th e  in p u ts  are Z/, and Z ^  (and  

poss ib ly  T h e  ty p ic a l range o f  Z /, is fro m  0 d B Z  to  60 d B Z . and  the  ty p ic a l

range fo r Z</r is fro m  -1 d B  to  5 d B . I t  is c lea r th a t  th e ir  range is n o t in  the  same 

level and the  range o f  Z /t is s ig n if ic a n t ly  la rger th a n  th a t o f  Zdr. I f  a m u lt ila y e r  

p e rcep tro n  (M L P )  neu ra l n e tw o rk  is chosen as th e  ne tw ork  type , i t  is n o t s t r ic t ly  

necessary to  s ta n d a rd ize  the  in p u ts . How ever, the re  are s t i l l  a v a r ie ty  o f  p ra c tic a l 

reasons th a t s ta n d a rd iz a tio n  can m ake tra in in g  fa s te r and reduce the  chance o f  

g e tt in g  s tuck  in  lo ca l o p tim u m . I f  a ra d ia l basis fu n c tio n  (R B F ) neu ra l n e tw o rk  is 

c hosen to  be the  n e tw o rk  s tru c tu re , th e n  the  s ta n d a rd iz a tio n  becomes im p e ra tiv e  

because the  in p u t va riab les  are com b ined  v ia  a d is tance  fu n c tio n  (such as E uc lide a n  

d is tance ). I f  s ta n d a rd iz a tio n  o r  resca ling  is no t used, then the  in p u t w ith  b igger 

range w il l  c o n tr ib u te  m ore  th a n  th a t  w h ic h  is associated w ith  a sm a lle r range. As 

a re su lt, the  effect o f  the  sm a ll range in p u ts  m ay be swam ped by the  b igge r range 

in p u ts . I t  is essentia l to  rescale the  in p u ts  so th a t  the  in p u t v a r ia b i l i ty  re flects 

th e ir  im p o rta nce , o r  a t least is n o t in  an  inverse re la tio n  to th e ir  im p o rta n ce . I f
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it is unc lea r w h ich  in p u t is m ore  im p o r ta n t ,  then e ve ry th in g  sh ou ld  be rescaled to  

the  same range.

T ra n s fo rm a tio n  is p e rfo rm e d  on the  in p u t variab les fo r ra in fa ll e s tim a tio n . 

F irs t,  a lo g a rith m  o p e ra tio n  is taken  fo r Zh and Zdr- then  th e y  are rescaled to  the  

range o f [ 0  1 ] and [ - 1  1 ] by d iv id in g  th e m  w ith  th e ir  possible  m a x im u m  values in 

ra in , as shown in  the  fo llo w in g  tw o  equa tions.

The  lo g a r ith m  tra n s fo rm a tio n  fo r the  in p u ts  is derived  fro m  th e ir  re la tio n  w ith  

the o u tp u t (ra in  ra te ). T h e  s c a tte r p lo t o f  ra in  ra te  vs. h o r iz o n ta l re f le c tiv ity  

(Zh) i-s shown in  the  fo llo w in g  figu re . M a n y  previous s tud ies  have p ro v ide d  m any 

expressions for the  R -Zh re la tio n s h ip . T h e  m ore ty p ic a l ones a re  g iven  as fo llow s.

Even tho u gh , the re la tio n sh ip s  have w id e  v a r ia b ility  because o f  th e  w ide  v a ria tio n s  

o f the  ra in d ro p  d is tr ib u t io n ,  th e  re la t io n  can be expressed in  the  fo llo w in g  com m on 

fo rm .

where C\ and C> are constan ts . T a k in g  the  lo g a rith m  on b o th  sides o f  th e  e qua tion , 

we a rrive  a t.

Zh
GO

(G .l)

Zdr
G

(G.2)

R  =  3.Go x  10 (M arsha ll  P a lm e r  rela tion) (6.3)

f t  =  0.0017 x  Z ° ~ 11 (W S R  — 88D Z  — R  rc la t ionsh ip )(6A )

R  = C xZ hc* (6.5)

l°fJ\o(R) — log\o(C[) +  C->logio(Zh) (6 .6 )
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F ig u re  G.8 : S ca tte r p lo t o f  R a in  ra te  (R ) vs. log\Q{Zh)

\Ve can see from  th is  e q u a tion  th a t  logio(R) is a p p ro x im a te ly  re la ted  to  

logiQ{Zn) lin e a r ly . T here fo re , a fte r the  lo g a r ith m  tra n s fo rm a tio n , the  re la tio n  be­

comes s im p le , and  thus i t  is easier fo r th e  n eu ra l n e tw o rk  to  learn. S im ila r ly , o th e r  

expressions fo r ra in  ra te  are:

R (Z ,t. Z dr) = 0.0117 x  Z ° ' 91 x  Z j r0A03 (6 .7 )

R ( K dp) =  40.5 x  (K dp)osr> ' ( 6 .8 )

Z dr) =  52.0 x  A '“ -35C x  Z ^ MT (6 .9 )

A f te r  the  tra n s fo rm a tio n , th e  s ca tte r p lo ts  o f  logl0{R) vs. Z /t and Z dr are show n 

in  th e  F ig u re  6.9.

T o  avo id  ta k in g  lo g r ith m  o f  zero, th e  lo g a r ith m  is taken  w ith  ( R + l ) .  th e n

t he o u tp u t R  is rescaled by the  fo llo w in g  tw o  equa tions . W ith  the  tra n s fo rm a tio n

discussed above, neura l n e tw o rk  m odels are b u i l t  w ith  d iffe re n t in p u t c o m b in a tio n  

based on the  same da ta  set (C a P E  1993 d a ta )  used before . T h e  results are show n 

in  th e  ta b le  6 .3. F ront th is  ta b le , we can see th a t  the  pe rfo rm ance  o f the  n e tw o rk
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s ca tte r plot of Z H 5  vs R am rale
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F igu re  6.9: S c a tte r p lo ts  o f  R a in  ra te  logl0(R) vs. logl0(Zit ) and  logiQ(Z,ir)

w ith  tra n s fo rm a tio n  2 (T F 2 )  is b e tte r  th a n  th a t associated w ith  tra n s fo rm a tio n  1 

( T F l ) .

logio(R +  1)T F l ( R )  = 

TF'2(R) --

log io (m ax(R )  - r  1) 

logio(R  +  1)

(6 .10)

(6 . 11)
rnax(R)

In sum m ary , the  t ra n s fo rm a tio n  fo r th e  in p u ts  and o u tp u t o f  the  ra in fa ll neura l 

n e tw o rk  can be show n s c h e m a tic a lly  in  th e  F igu re  6 . 1 0 .

6 .4  T ra in in g  D a ta  S e t P r e p a r a t io n

A n o th e r im p o r ta n t  issue fo r  b u i ld in g  a neura l n e tw o rk  is to  choose th e  app ro ­

p r ia te  t ra in in g  d a ta  set (c o lle c t io n  o f  in p u t d a ta  and  its  associated des ired  o u tp u t 

d a ta ). C a re fu l se lec tion  o f  th e  t ra in in g  d a ta  set is so c ru c ia l th a t  the  pe rfo rm ance  

o f  the  neura l n e tw o rk  w il l  be a ffec ted  d ire c tly . T h is  is based on the  fa c t th a t 

t ra in in g  is a ccom p lished  pass ive ly  in  m ost neura l n e tw o rk  le a rn in g  a lg o r ith m . A  

le a rn ing  a lg o r ith m  uses w h a te v e r t ra in in g  d a ta  is presented to  i t  and m o d ifie s  its
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fa b le  6.3: C om parison  the  effects o f  d iffe re n t tra n s fo rm s  to  the in p u ts  and o u tp u t

in p u t variables in p u ts  n u m b e r FSE (w ith  T F 1 ) FSE (w ith  T F 2 )
Z,,_S 9 0 . 2 1 0 0.193
z „_ s . z hx 13 0 . 2 1 0 0.198
z h.s . z , lrs 18 0.195 0.189
z h. s . z rfr_v 13 0.171 0.170
z h.s . z hx .  z drs 2 2 0 . 2 0 0 0.174
Zh -S. Z h _\ . Z (/r_\ 17 0.196 0.173
Z,,_S. Z f/r_S. Z dr_\- 2 2 0.196 0.169
Z/.-S . Z fc.W  z (/r_s. z rfr_v 26 0.215 0.160

/.hi

7Ji2

Neural

Rain Rate

Zdrl (• I/C2

Zdr;

(.l/CI

F ig u re  6.10: c o n fig u ra tio n  o f  p re -tra n s fo rm a tio n  and p o s t-tra n s fo rm a tio n
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param e te rs  (w e igh ts , biases, cen te rs ) so th a t  its  o u tp u t m atches the  des ired  o u tp u t 

vecto rs  as m uch as possib le . T h e re fo re , the  t ra in in g  cases shou ld  p ro v id e  su ffic ien t 

in fo rm a tio n  to  represent the  ta rg e t fu n c tio n . T w o  im p o r ta n t  issues re la ted  to  

tra in in g  d a ta  p re pa ra tio ns  are  th e  re p re s e n ta tiv ity  and  su ffic iency  o f  a tra in in g  

d a ta  set.

6 .4 .1  R e p r e se n ta tiv e  tr a in in g  d a ta  s e t

T h e  fin a l goal o f  t ra in in g  a n e u ra l n e tw o rk  is to  get va lid  g e n e ra liza tio n  to  

u nkn o w n  cases, i.e.. the  usefu lness o f  a tra in e d  n e tw o rk  depends on  th e  p re d ic ­

t io n  accuracy fo r the  fu tu re  d a ta  cases w h ich  are not in  the  t ra in in g  set. T here  

are tw o  d iffe re n t types o f  g e n e ra liz a tio n : interpolation  and  extrapolation. U sua lly , 

in te rp o la t io n  can be done re lia b ly , b u t.  e x tra p o la tio n  is n o t a lw ays a re lia b le  fo rm  

o f g e n e ra liza tion . O fte n , i t  is r is k y  fo r  a neu ra l n e tw o rk  to  p e rfo rm  e x tra p o la t io n : 

and it  u s u a lly  leads to  an unusab le  re s u lt. There fo re , to  get re lia b le  g e n e ra liz a tio n  

in  the  w ho le  in p u t d o m a in , i t  is essen tia l to  choose tra in in g  cases w h ich  are  even ly  

d is tr ib u te d  th ro u g h o u t the  in p u t  space i f  su ffic ien t d a ta  are ava ilab le . I f  the  t ra in ­

ing  d a ta  set is in a s m a ll subspace o f  th e  e n tire  in p u t space, the n e u ra l n e tw o rk  

estab lished  based on the . t ra in in g  d a ta  m ay p e rfo rm  w e ll o n ly  w h ile  in p u ts  are 

near the  subspace, it  w o u ld  p ro b a b ly  p e r fo rm  b a d ly  i f  th e  in p u ts  are fa r  fro m  the  

subspace because m uch e x tra p o la t io n  has to  be done. U su a lly , the fo llo w in g  th ree  

m e tho d s  can be used to  choose t r a in in g  d a ta  set i f  su ffic ien t d a ta  are ava ilab le .

(1) Choose a training data set such that the jo in t  distribution o f input variables is 

close to uniform.

(2) I f  Condition 1 cannot be achieved, choose a training data set such that the 

distribution of each input variable i tse lf  is uniformly distributed.

(2) Else, choose a training data set such that the target output is uniforrrdy dis­

tributed.
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T in * f irs t m e tho d  is reasonable  b u t ve ry  s t r ic t .  I t  is co m p lica te d  to  select the  

t ra in in g  d a ta  set w ith  t ig h t  re q u irem en t o f  jo in t  d is tr ib u t io n  o f  in p u t va riab les  to  

be u n ifo rm  w hen in p u t d im e n s io n a lity  is h ig h . T h e  requ irem en t can be loosened by 

us ing  m e th o d  ( 2 ). i.e.. in d iv id u a l d is t r ib u t io n  o f  the  in p u ts  is u n ifo rm ly  d is tr ib u te d . 

F u rth e rm o re , i t  can be s im p lif ie d  to  the  m e th o d  (3 ). o n ly  ta rge t o u tp u t d is t r ib u t io n  

is re q u ired  to  be u n ifo rm . T h is  m e th o d  is p ra c tic a l when the  n um be r o f  in p u t  

va riab les  is ve ry  large, and  the  to ta l a va ila b le  d a ta  set is no t su ffic ien t enough (as 

is th e  case w ith  the  ra in  ra te  e s tim a tio n  p ro b le m  because o f  the  in su ffic ien cy  o f  

ra ingage m easurem ents), i t  is im poss ib le  to  s a tis fy  the  firs t tw o  co ns tra in ts .

F o r th e  p ro b le m  o f n eu ra l n e tw o rk  ra in fa ll ra te  e s tim a tio n , usua lly , a t ra in in g  

d a ta  set is chosen ra n d o m ly  fro m  th e  a va ila b le  d a ta  set. and the  h is to g ra m  o f  the  

ra in  ra te  co rre sp on d ing  to  th is  t ra in in g  d a ta  set is d ra w n . I f  the  h is to g ra m  is n o t 

u n ifo rm , the n  we go back to  the  a va ilab le  da tabase  and  p ick m ore  o r d isca rd  som e 

o f  the  d a ta  fro m  the t ra in in g  d a ta  set a c c o rd in g  to  the  cu rre n t h is to g ra m  o f  ra in  

ra te . T h is  process continues u n t i l  the  h is to g ra m  is close to  u n ifo rm .

6 .4 .2  S u ffic ien cy  o f  a  tr a in in g  d a ta  s e t

M a n y  fac to rs  in fluence  the  necessary size o f  the  t ra in in g  d a ta  set. such as 

the  d im e n s io n a lity  o f  the  in p u t space ( o r  th e  n u m b e r o f  in p u t va riab les  ). th e  

free pa ram e te rs  in  the n e tw o rk , the  q u a lity  o f  th e  t ra in in g  d a ta  its e lf, and th e  

c o m p le x ity  o f  th e  ta rge t in p u t-o u tp u t  m a p p in g  fun c tio ns .

F irs t,  th e  t ra in in g  cases sh ou ld  be s u ffic ie n t to  f ix  the  free pa ram ete rs  in  th e  

n e tw o rk . C o n s id e rin g  a n e tw o rk  fo r fu n c tio n  a p p ro x im a tio n , the  pa ram ete rs  o f  

th e  fu n c tio n  is reg istered in  the  the  w e ights  and  biases fo r a M L P X X . o r centers 

and w id th s  fo r a R B F X X . T o  u n iq u e ly  d e te rm in e  these param eters, the  n um b e r 

o f t ra in in g  cases (denoted as N T r a i n i n g c a s e s )  sh ou ld  be a t least g re a te r th a n  th e  

n um b e r o f  free param eters  in  the  n e tw o rk  (d e no ted  as XFrveParaineters)• i-e--

X /  r  ( l i m i t  t j (  Vi.sr.s ^  X  F r e e  / ’ a r a r n e t e r s -  -  ( G . 1 2 )
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A h ' r t ' f  P a r a m e t e r s  — A i n p u t  *  A i -f- A i *  ( A i n p u t  “f" 1 )  +  (:V , + 1) ( f o r  R B F X X )  (6 .13)

X Free Parameters =  ^mput*  +  A[ +  A i *  A -j +  A-> +  A ■> +  1 ( f o i ' M L P  A A)(6 .14)

For a R B F X X  w ith  X tnpui in p u ts  and Ay neurons in  the  h idden  layer, the  com pu ­

ta tio n  o f  X  Free Parameters can be expressed by e q u a tio n  6.13. F o r a 3 -layer M L P X X  

w ith  X inpul in p u ts . Ay neurons in  the  firs t h idden  layer and X-> neurons in  the  

second h idden  layer, and  one o u tp u t, the  c o m p u ta tio n  o f  XFree Parameters can be 

expressed by e q u a tio n  6.14. U sua lly , the  n um be r o f  t ra in in g  cases necessary is 

much g re a te r th a n  the  l im it  p rov ided  in  the  above in e q u a lity . U sing  su ffic ien t 

tra in in g  d a ta  cases is an e ffic ien t wav to  avo id  o v e r - f it t in g . O v e r f it t in g  is a m a jo r  

p rob lem  fo r  a neu ra l n e tw o rk  m o d e ling  co m p lex  system s. To a vo id  o v e r fitt in g , the  

firs t approach  is to  increase the  size o f  the  t ra in in g  sam ple. In  theory, the  so lu­

tio n  to th e  p rob lem  o f  noise is to  increase to  the  sam p le  size. Regardless o f  how 

com p lex a fu n c tio n  th e  n e tw o rk  is capab le  o f  f i l te r in g ,  i t  can be prevented fro m  

o v e r fit t in g  by m a k in g  the  t ra in in g  sam ple la rge enough to  com pensate  fo r the  level 

o f  noise in  the  da ta . U sua lly , when us ing  a large n u m b e r o f  t ra in in g  cases such 

th a t it  is a b o u t 30 tim e s  the  n um be r o f  free pa ram ete rs , the n e tw o rk  is u n lik e ly  to  

su ffe r serious o v e r - f it t in g  (fro m  experience). F u rth e r m ore, i f  th e  t ra in in g  d a ta  are 

noise-free, then  o n ly  five  tim e s  the  num be r o f  free param ete rs  is su ffic ien t. These 

cons tra ins  are shown in  the  fo llo w in g  tw o  expressions.

X T r a m i n g C a s e s  30 X A F r e e P a r a r n e t e r s  ( fo r  no is \ d a ta )

A TraimngCases ^  O X A FreePararneters ( fo r  noise-frCC d a ta )

In p ra c tice , the re  are some severe co n s tra in ts  on  sam ple size. As the  ta rge t 

fu n c tio n  becomes m ore  co m p lex  o r the  level o f  noise increases, the  s ta t is t ic a lly  

desirab le  sam ple  size goes up  ra p id ly . T h e re  m ay be p ra c tic a l l im its  to  sam ple 

size, because resources are requ ired  to  co lle c t and s to re  the d a ta . To im p ro ve
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gene ra liza tion . wo shou ld  use a sam ple size th a t is its la rgo as possible w h ile  s t i l l  

being re levan t and  m anageable.

Curse o f  dimensionality  (B e llm a n  19G1) refers to  the  e xp o n e n tia l g row th  o f  a 

h ype rvo lum e  as a fu n c tio n  o f  d im e n s io n a lity . T w o  aspects o f  curse o f  d im ens ion ­

a lity  a ffe c tin g  the  neura l n e tw o rk  are as fo llow s: 1 ) T h e  num be r o f  tra in in g  cases 

needed fo r c o n s tru c tin g  a neu ra l n e tw o rk  (w ith  good  g en e ra liza tio n  c a p a b ility )  in ­

creases e x p o n e n tia lly  w ith  the  d im e n s io n a lity  o f  th e  in p u t space. However i f  m any 

in p u ts  are irre le v a n t, the  n e tw o rk  w il l  p ro b a b ly  behave ve ry  p o o rly . 2) The num be r 

o f  h idden  layer neurons needed increases e x p o n e n tia lly  w ith  the  d im e n s io n a lity  o f  

the in p u t space. So h igh  d im ens ion  o f  in p u t space w o u ld  increase the  co m p le x ity  o f  

the  ne tw ork . U nsupe rv ised  lea rn ing  a lg o r ith m s  and  conven tiona l R B F s are p rone 

to  th is  p ro b le m .

-VTraimngCases sc D im e n s io n a l i ty  o f  inpu t space

A n  e xp e rim e n t is designed in  th is  section  to  in ve s tiga te  the  m in im u m  tra in in g  

d a ta  set size needed fo r ra d a r ra in fa ll e s tim a tio n  by us ing  neura l ne tw o rk  fu n c tio n  

a p p ro x im a tio n  techn ique . As we discussed above, the  t ra in in g  d a ta  size depends 

m a in ly  upon  th e  th ree  facto rs , as fo llow s: 1 ) T h e  c o m p le x ity  o f  the  ta rge t func­

tio n : to  m a in ta in  a g iven accuracy, sam ple  size needs to  increase as the ta rge t 

fu n c tio n  becomes m ore  com p lex. 2 ) the  d im e n s io n a lity  o f  the  in p u t vectors: its 

the d im ens ion  o f  the  in p u t space increases, the  sam ple  size needed m ay increase 

expo n en tia lly . 3) the  q u a lity  o f  the  t ra in in g  d a ta  set: to  m a in ta in  a g iven accuracy, 

sam ple size needs to  increase as noise in  the  d a ta  increases. In  the  fo llo w in g , several 

scenarios w ith  respect to  d iffe re n t num be r o f  in p u t va riab les  and  d iffe ren t levels 

o f noise c o n ta m in a tio n  have been s tu d ie d  in  co n te x t o f  m in im u m  size o f tra in in g  

da ta  fo r ra d a r ra in fa ll e s tim a tio n . T h e  pe rfo rm ance  o f  a ll these R B F  netw orks fo r
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ra in  ra te  fu n c tio n  a p p ro x im a tio n  a rc  tested  on the  same te s tin g  d a ta  set w h ich  is 

e x tra c te d  fro m  th e  in p u t space by c o m p u tin g  th e  n o rm a lize d  e rro r.

(1) Mapping one radar reflectivity fac to r  to rain rate on the ground with noise-free 

training data .samples

In  th is  case, th e  s im p les t R -Z  re la t io n s h ip  (Ri\s[t-*8D(Zh) =  0 .0 1 7 Z ° ‘ 1')  

is assum ed to  be learned by a R B F  neu ra l n e tw o rk  fro m  a s im u la tio n  d a ta  set. 

T h e  s im u la tio n  d a ta  set is o b ta in e d  by ra n d o m ly  choosing  Z h from  a u n ifo rm ly  

d is tr ib u te d  (fro m  0 to  60 d B Z ) d a ta  and  f in d  its  co rre sp on d ing  ra in  ra te  R  w ith o u t 

a d d in g  any noise. T h e  purpose o f  th is , is to  f in d  the  m in im u m  size o f  th e  t ra in in g  

d a ta  set fo r  le a rn in g  the  spec ific  re f le c t iv ity - ra in  curve . Severa l exam ples o f  the  

t ra in in g  d a ta  set a nd  its  co rre sp o n d in g  cu rve  lea rned  fro m  th is  d a ta  set by  the  R B F  

n eu ra l ne tw o rk  are show n in  F ig u re  6.11. T h e  n um b e r o f  t ra in in g  d a ta  sam ples in  

F ig u re  6 .1 1 ( l) - (4 )  a re  3. 5. 6  a nd  7. respec tive ly . F rom  these figures, we can see 

th a t th e  learned fu n c tio n  m atches the  ta rg e t fu n c tio n  ve ry w e ll when th e  num be r 

o f  t ra in in g  d a ta  sam ples is 7. F ig u re  6.12 shows the  re la tio n s h ip  o f  the  n o rm a lize d  

e rro r  (betw een th e  learned fu n c tio n  and  th e  ta rg e t fu n c tio n )  over the  n u m b e r o f 

t ra in in g  d a ta  sam ples. W hen th e  t ra in in g  sam ples exceed 7. the  n o rm a lize d  e rro r 

can be as sm a ll as 0.0083. T h e re fo re , we can conc lude  th a t 7 t ra in in g  sam ples are 

su ffic ie n t fo r  le a rn in g  the  one d im e n s io n a l re f le c t iv ity - ra in  fu n c tio n  based on the  

c o n d it io n  o f  n o rm a lize d  e rro r less th a n  0 .0 1 .

(2) Mapping one radar reflectivity fa c to r  to rainfall rate on the ground with noise- 

contaminated training data samples

T h e  s im u la tio n  presented in  (1) is an idea l case. i.e .. the  t ra in in g  d a ta  are 

noise-free. In  p ra c tice , th is  case does n o t a pp ly . Fo r the  issue o f  ra d a r ra in  ra te  

e s tim a tio n , b o th  ra d a r m easurem ents and ra in  gauge m easurem ents (w h ic h  are 

used as ta rge t o u tp u ts  w h ile  t ra in in g  neu ra l n e tw o rk  in  rea l case) can X O T  be

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



  i i-undioc I
c r r*j-rr*g j
• acCJC««Tt̂ i»y> «una»en )

  Targe t Function  •
O T rw ig  Sampe»

I - - ref acorcamjacn ftjrcscn i

Z^,*eSZ A."=ŝ
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F ig u re  6.11: C u rve  f i t t in g  o f  the  ta rg e t fu n c t io n : W S R -8 8 D  ra in fa ll a lg o r ith m  w ith  
d iffe re n t t ra in in g  d a ta  set size (w ith  noise free) ( 1 ) 3  t ra in in g  d a ta  samples (2) 5 
t ra in in g  d a ta  sam ples (3) 6  t ra in in g  d a ta  sam p les (4) 7 t ra in in g  da ta  sam ples
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F ig u re  6.12: th e  re la tio n s h ip  between n o rm a liz e d  e rro r  and tra in in g  d a ta  sam ple  
n u m be r
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noise-free. F ig u re  6.13 shows several cases o f  the  ra in  ra te  fu n c tio n  learned by 

a R B F  neu ra l n e tw o rk . T h e  t ra in in g  d a ta  sam ples are 10. 20. 30. 50 and  60. 

respective ly , fo r the  s ix  cases lis te d  in  the  figu re . A l l  the  t ra in in g  d a ta  sam ples are 

co n ta m in a te d  by noise, the  noise fo r Z/, is assum ed u n ifo rm ly  d is tr ib u te d  in  the  

range o f  [-2.5 2.5] d B . F rom  th is  figu re , we can see th a t m any m ore t ra in in g  d a ta  

sam ples are needed fo r no isy t ra in in g  d a ta  set. W ith  60 t ra in in g  d a ta  sam ples, 

the  learned curve  and the  ta rg e t cu rve  are s t i l l  n o t m atched w e ll. T o  s tu d y  the  

su ffic ien cy  o f  a t ra in in g  d a ta  set (w ith  noise) fo r  the  1-D ra in  ra te  curve  f i t t in g ,  

it is h e lp fu l to  lo o k  the  re la tio n s h ip  o f  the  n o rm a lized  e rro r and the  num be r o f  

t ra in in g  d a ta  sam ples. However, th e  n o rm a lize d  e rro r fo r t ra in in g  d a ta  sets w ith  a 

fixed n u m b e r o f  sam ples m ay be d iffe re n t because the  noise added to  the  o r ig in a l 

t ra in in g  d a ta  is ra n do m , the re fo re . 1 0 0 0  s im u la tio n s  o f  a fixed  n um be r o f  t ra in in g  

sam ples are ca rrie d  o u t so th a t th e  p ro b a b ility  o f  no rm a lized  e rro r is less th a n  0 . 1  

can be o b ta in e d  (as show n in  F ig u re  6 .14). F rom  th is  figure, we can conc lude  th a t 

the  p ro b a b ility  o f  n o rm a lize d  e rro r  less th a n  0 . 1  is over 90% w h ile  the  n um be r o f  

tra in in g  d a ta  sam ples is over 73. T he re fo re , the  tra in in g  d a ta  sam ples needed fo r 

the no isy t ra in in g  d a ta  (noise in  [-2.5 2.5] d B Z  range) set is m ore th a n  1 0  tim es  

la rge r th a n  the  t ra in in g  d a ta  sa m p les ‘needed fo r  noise-free case, th is  is based on 

the a ssum p tio n  th a t n o rm a lized  e rro r  less th a n  0 . 1  is enough fo r th is  fu n c tio n  

a p p ro x im a tio n  p rob lem .

(•'}) Mapping ana radar reflectivity (Z iJ  and one differential reflectivity (Z dr 1° 

rainfall rate on the ground with noise-free training data samples

I t  is c le a r th a t us ing  Z dr and Z/, fo r ra in fa ll e s tim a tio n  w il l  increase the  ac­

curacy com pared  w ith  us ing  Z/, a lone  m ost o f  t im e . I f  b o th  Z dr and Z h are used 

as the in p u ts  to  a ra d a r ra in fa ll neu ra l n e tw o rk , the  p rob lem  o f  ra in fa ll e s tim a tio n  

becomes a 2D  surface f i t t in g .  In tu it iv e ly ,  the  n u m be r o f  t ra in in g  sam ples needed 

w il l be la rg e r tha n  a 1 -D  cu rve  f it t in g . .  To s tu d y  the  su ffic iency o f  the  t ra in in g  d a ta
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F ig u re  G.13: C u rve  f i t t in g  o f  the  ta rg e t fu n c tio n : YVSR-8 8 D ra in fa ll a lg o r ith m  
w ith -d if fe re n t t ra in in g  d a ta  set size, th e  t ra in in g  d a ta  is co n ta m in a te d  w ith  noise, 
assum e th a t the  noise is G aussian d is t r ib u te d  w ith  variance  1 . ( 1 ) 10 t ra in in g  d a ta  
sample's (2) 20 t ra in in g  d a ta  sam ples (3 ) 30 t ra in in g  d a ta  sam ples (4) 40 t ra in in g  
d a ta  sam ples (5) 50 tra in in g  d a ta  sam ples (6 ) 60 t ra in in g  d a ta  sam ples
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F ig u re  G.14: the  re la tio n s h ip  betw een the  p ro b a b ility  o f  n o rm a liz e d  e rro r  less than  
0 . 1  and t ra in in g  d a ta  sam p le  n u m b e r

set. a ta rg e t ra in fa ll surface is assumed as R  = 0 .0117Z^-91 Z ^ 403• w h ich  is shown 

in  F ig u re  6 .1 5 (1 ). B y  us ing  (Z/l: Z j r) on 3x3 even ly  d is t r ib u te d  g rid s  on  Z/, - Z j r 

plane  as t ra in in g  d a ta  set. the  learned surface (rep resen ted  b y  a tra in e d  R B F  net­

w o rk ) is show n in  F ig u re  6 .1 5 (2 ). O bv ious ly , the  9 p o in ts  t ra in in g  d a ta  samples is 

no t enough fo r  le a rn in g  the  ta rg e t ra in fa ll surface. T h e  F ig u re  6.15 also shows the 

learned  2D  surface  fro m  5x5. 7x7. 8 x 8  and 20x20 t ra in in g  d a ta  sam ples in  (3 )-(6 ). 

F rom  the  figu re , we can see th a t  th e  R B F  n e tw o rk  le a rne d  v e ry  w e ll fro m  the 8 x 8  

( to ta l 64) t ra in in g  d a ta  sam ples. T h e  re la tio n s h ip  o f  th e  n o rm a liz e d  e rro r and the 

n um b e r o f  t ra in in g  d a ta  sam ples is shown in  F ig u re  6 .16. T h e  n o rm a lize d  e rro r 

is a ro u n d  0.0238 w hen us ing  8 x 8  ( to ta l 64) even ly d is t r ib u te d  t ra in in g  d a ta  sam­

ples. I f  0.01 n o rm a lize d  e rro r  is the  goal, then  a t leas t 16x16 g rid s , i.e.. to ta l 256 

t ra in in g  d a ta  sam ples, can be sa id  su ffic ien t fo r le a rn in g  R -(Z /1.Z (/r ) re la tio n sh ip  

fo r noise-free t ra in in g  d a ta .

T h e  s im u la t io n  resu lts  are sum m arized  in  ta b le  6.4.
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F ig a ro  G.15: Surface f i t t in g  o f  the  ta rg e t fu n c tio n : R (Z h .Z jr ) ra in fa ll a lg o r ith m  
w ith  d iffe re n t tra in in g  d a ta  set size, th e  tra in in g  d a ta  is noise-free. ( 1 ) the  ta rge t 
ra in fa ll surface (2) 3x3 t ra in in g  d a ta  sam ples (3) oxo t ra in in g  d a ta  samples (4) 
7x7 t ra in in g  da ta  sam ples (5) 8 x 8  t r a in in g  d a ta  sam ples (6 ) 20x20 tra in in g  d a ta  
sam ples
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num oer of grids in Zh and Zdr dimension

F igu re  G.1 G: the re la tio n s h ip  between n o rm a lize d  e rro r  and  tra in in g  d a ta  sam ple 
num ber

Tab le  G.4: S u m m a ry  o f  m in im u m  sam p le  size fo r d iffe re n t cases
Target function R ( Z h) R (Zfl) R(Zh. Zdr) R(Zft. Zdr)

Q ua lity  o f 
tra in ing  data noise-free noise-contam inated noise-free noise-contaminated

Size o f 
tra in ing  data 7 73 256 2560

6.5  A n  A d a p tiv e  N e u r a l N e tw o rk  S c h e m e  for P r e c ip ita t io n  E st im a tio n

The  goal o f  an a d a p tiv e  neu ra l n e tw o rk  is th a t ,  the  n e tw o rk  can a d ju s t its e lf 

whenever new ra ingage  d a ta  are ava ilab le  (as show n in  F ig u re  G.17). To  s ta rt, 

using a ll the  ava ilab le  d a ta  so fa r. the  n e tw o rk  can be b u i l t  by in i t ia l  tra in in g . 

Subsequently, the  n e tw o rk  can be sw itched  to  the  a p p lic a tio n  mode. O nce new 

ra ingage d a ta  are co lle c te d , the n e tw o rk  sw itches in to  an u p d a tin g  mode. B y  using 

an ada p tive  u p d a tin g  a lg o r ith m , the  n e tw o rk  a d ju s ts  some o f  its  param eters, adds 

o r removes some neurons so as to  fine -tune  its  s tru c tu re  w ith  th e  new in fo rm a tio n . 

T he  scheme not o n ly  p rov ides a fast and an e ffic ien t way to  b u ild  a new neura l
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F ig u re  G.17: Basic s tru c tu re  o f  th e  a d a p tiv e  neu ra l n e tw o rk  fo r  ra in fa ll e s tim a tio n

n e tw o rk  ra in fa ll e s tim a tio n  m o d e l, b u t a lso can p ro v id e  a way to  m a in ta in  an 

e x is tin g  neu ra l ne tw ork  ra in fa ll e s tim a tio n  m ode l and m ake it  evolve g radua lly .

M u lt i- la y e r  feed fo rw ard  n e u ra l n e tw o rk  (M L F X X *) can be used successfu lly 

fo r the  ra d a r ra in fa ll e s tim a tio n  (X ia o  and  C handraseka r. 1997). X ia o  and  C lian - 

d rasekar (1997) showed th a t  a B a c k p ro g a tio n  P ro p a g a tio n  N e u ra l N e tw o rk  (B P X ) 

w h ich  is a class o f the  M L F X X  th a t  can be used fo r th e  ra d a r ra in fa ll e s tim a tio n . 

O ne o f  the  d isadvantages o f  B P X  is th a t  th e  t ra in in g  process is c o m p u ta tio n a lly  

d e m a n d in g  and the le a rn in g  process is ted io u s . How ever once tra in e d . B P X  can 

be successfu lly  used fo r  ra d a r ra in fa ll e s tim a tio n . T he  s tru c tu re  and  le a rn in g  algo- 

r ith m  o f  a B P X  make it  d if f ic u lt  fo r  im p le m e n tin g  an a d a p tiv e  ra in fa ll e s tim a tion  

a lg o r ith m . O ne o f the  a lte rn a tiv e s  s u ite d  fo r  ra in fa ll e s tim a tio n  is a R a d ia l Basis 

F u n c tio n  (R B F )  neura l n e tw o rk . T h e  R B F  n e tw o rk  has a un ique  s tru c tu re  which 

w il l  m ake i t  conducive  fo r a d a p tiv e  ra d a r ra in fa ll  e s tim a tio n . R B F  n e u ra l netw orks
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Figure? G.18: R ada r ra in fa ll e s t im a tio n  by  using  a R B F  neura l n e tw o rk

have lo ca l receptive  fie ld , the re fo re  th e  ch an g in g  o f  the param ete rs re la ted  to  one 

spec ific  h id d e n  neuron affects th e  o u tp u t  o f  th e  ne tw o rk  o n ly  in  a n e ig h b o rh o o d  

o f  th e  ce n te r o f  the h id de n  u n it.  T h e re fo re , i t  is feasible to  rea lize d y n a m ic a lly  o r 

a d a p tiv e ly  u p d a tin g  its  s tru c tu re  a nd  pa ram ete rs .

6 .5 .1  D e v e lo p m e n t o f  a  R B F  N e tw o r k  for ra in fa ll e s t im a tio n

In  o rd e r to  unde rs tand  how  th e  a d a p tiv e  neu ra l ne tw o rk  scheme w orks, i t  is 

essentia l to  in tro d u ce  the  p rocedu re  o f  d eve lo p ing  a R B F  neura l n e tw o rk  fo r  ra d a r 

ra in fa ll e s tim a tio n . F ig u re  6.18 show s one o f  R B F  neura l n e tw o rk  w h ich  is used 

fo r ra d a r ra in fa ll e s tim a tio n . In  th is  figu re , the  in p u ts  are re fle c tiv it ie s  e x tra c te d  

a t the  Z h surface p ro file , i.e .. th e  9 re f le c tiv it ie s  Z u \ .  Z h i .  ... . Z n o- T h e re  are 

rn neurons (ra d ia l basis fu n c tio n s ) in  the  h id de n  layer. T h e  num be r rn can be 

d e te rm in e d  in  the t ra in in g  process, w h ich  depends on the  t ra in in g  d a ta  set. T h e  

w e igh ted  su m m a tio n  o f  the  ra d ia l basis fu n c tio n s  is the  e s tim a te d  ra in fa ll ra te

R ( Z /n - - . .  . Zirv).

T li t '  free param eters o f  the  ra d ia l basis fu n c tio n  are the  cente r vec to r C , and  

w id th  r. w h ich  are re la ted  to  the  ra d ia l basis fu n c tio n s  fo r the  h idden  layer neurons.

as w e ll as w e ig h t vec to r i f '3 ( W l .  \ V 1 ................W 9 ). w h ich  are the  w e ights o f  the

co nn e c tion  fro m  the h idden  laye r to  th e  o u tp u t  neuron. T h e  goal o f  t ra in in g  the
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n e tw o rk  is to  lea rn  the  o p tim u m  values fo r these free pa ram ete rs  fro m  the  tra in in g  

d a ta  sot.

( i)  D e te rm in a tio n  o f  Size V ecto rs  r,

A c c o rd in g  to  the  th ree  lea rn ing  a lg o rith m s  in tro d u c e d  in  C h a p te r 2  fo r R B F  

neu ra l n e tw o rk , r  m ay be set as a constan t as in  e q u a tion  1.17 in  the  fixed centers 

selected at random  m e th o d  and the  recursive hybrid learning procedure, o r. r  m ay 

be learned  by superv ised  m e th o d  in the  stochastic gradient approach. In  th is  re­

search. the  supe rv ised  le a rn in g  a lg o r ith m  is chosen fo r the  p ro b le m  o f  ra d a r ra in fa ll 

e s tim a tio n . T h e  ava ilab le  p rog ram s fo r th is  le a rn in g  a lg o r ith m  the  fu n c tio n s  ca lled  

"newrb" ava ilab le  in  M A T L A B  and " rb fD esign " .  B o th  m e thods  need the  w id th  

(o r  ca lle d  spread fa c to r, o r ca lled  size vecto r) su pp lied  as know n in p u ts . T here ­

fore. t he va lue  r  has to  be d e te rm ine d  e x p e r im e n ta lly  based on a specific  p rob lem . 

Large* r im p lie s  a lo t o f  neurons w il l be requ ired  to  f i t  a fast chang ing  fu n c tio n . 

S m a ll r m eans m any neurons w i l l  be requ ired  to  f i t  a sm o o th  fu n c tio n , and the 

n e tw o rk  m ay n o t genera lize  w e ll. We know  th a t the re  is no sharp  change in  the  

fu n c tio n  R ( Z / / [ .  ... . Z f{o). so we shou ld  n o t choose to o  sm a ll r .  M a n y  d iffe re n t 

r ( fro m  2 to  40. s tep  0.2) are used in  the  ra d a r ra in fa ll R B F  ne tw o rk , the  resu lt 

shows th a t  the  best va lue fo r  r  is 1 0 .

( i i )  D e te rm in a tio n  o f  C e n te r Vectors c, and W e igh t V ecto rs IF

In  b o th  "newrb" and “forw ardSelect"  (M a rk , 1997) fu n c tio n s , in it ia l ly ,  

the re  is no neurons in  th e  h idden  layer. T h e  o rth o g o n a l least squares (O LS ) m e thod  

(C hen. 1991) is an e ffec tive  and e ffic ien t a lg o r ith m  fo r se lec ting  m ost s ig n ifican t 

R B F  centers fro m  a g iven  t ra in in g  d a ta  set. There fo re . O LS  fo rw a rd  se lection 

m e th o d  is u ti l iz e d  to  choose subset o f in p u t t ra in in g  set (T ,) f_ 1 to  be the  centers 

o f  the  R B F s . I t  s ta r ts  w ith  an e m p ty  subset, and adds one basis fu n c tio n  a t a 

tim e , ta t  w i l l  y ie ld  the  la rgest sum -squared-e rro r a cco rd in g  to  the  O LS  m e thod . 

T h e  c r ite r io n  used to  d e te rm ine  the t im e  fo r s to p p in g  a d d it io n  o f  m ore ra d ia l
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imsis fu n c tio n  is based on p re d ic t io n  e rro r. T h e  n e tw o rk  has the  lowest p re d ic ­

t io n  e rro r  when the  o p t im u m  subse t o f  ra d ia l basis fun c tio ns  are chosen. Several 

s ta n d a rd  c r ite r ia  can be used to  m easure  p re d ic tio n  e rro r, such as. genera lized  

cro ss -va lid a tion  (G C V ). unb iased e s tim a tio n  o f  va riance  (U E V ). f in a l p re d ic t io n  

e rro r (F P E ) .  or Bayesian in fo rm a tio n  c r ite r io n  (B IC ) .  W hen  one o f  these m easures 

s top  decreasing, then  there  sh ou ld  be no m ore  ra d ia l basis func tions  added to  the  

h idden  Ia ye r(.\[a rk . 1998).

O nce the  center vectors and w id th  vectors are de te rm ined , the  c o m p u ta t io n  

o f  w e ights  is s tra ig h t- fo rw a rd  by  u s in g  e q u a tio n  1.19 o r the  Least-M ean-S quare  

(L M S ) a lg o r ith m  and th e  R e cu rs ive -Leas t-S qua re  (R L S ) a lg o rith m s .

6 .5 .2  A d a p tiv e  u p d a tin g  s c h e m e  for th e  R B F  n etw ork

W e can use the  p rocedure  in tro d u c e d  above to  deve lop the  R B F  neu ra l n e tw o rk  

fo r ra in fa ll e s tim a tio n . As days go by. m ore  d a ta  becom e ava ilab le . Som e o f  the  

d a ta  are unknow n to  the  n e tw o rk , som e o f  th e  d a ta  are know n to  the  n e tw o rk  b u t 

w ith  d iffe re n t o u tp u t. To in c o rp o ra te  th e  in fo rm a tio n  fro m  the unknow n  d a ta , i t  is 

necessary to  refine the  n e tw o rk  by  a d d in g  o r  re m o v in g  some neurons in  the  h idden  

layer. F o r the know n d a ta  b u t w i th  g re a t ly  d iffe re n t desired o u tp u t com pared  

w ith  w h a t the  ne tw o rk  saw befo re , i t  is necessary to  a d ju s t the w e igh ts  fro m  the  

h idden  laye r to  the  o u tp u t laye r w i th  th e  la tes t in p u t-o u tp u t p a irs .b u t keep the  

same s tru c tu re  o f the  ne tw o rk .

O ne w ay to  in c o rp o ra te  the  n ew  in fo rm a tio n  (fro m  the  new d a ta ), in to  the  

ne tw o rk  is s im p ly  c o m b in in g  the  n ew  d a ta  w ith  o ld  t ra in in g  d a ta  set to  fo rm  a 

la rge r t ra in in g  d a ta  set and  re tra in  f ro m  b e g in n in g  (as show n in  F ig u re  6 .1 9 ).T h e  

m ost im p o r ta n t p a rt in  the  re - t ra in in g  process is search ing  fo r the  o p tim u m  cen te r 

set fro m  the  new t ra in in g  d a ta  se t. a nd  th is  process is tedious. T h is  is n o t a 

conven ient and p ra c tica l s o lu tio n . A n o th e r  d isadvan tage  is th a t s im p le  re tra in in g
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F ig a ro  C.19: S im p le  c o m b in a tio n  o f  new  d a ta  w ith  p re v iou s  t ra in in g  d a ta  and 
fo rm  the  new t ra in in g  d a ta  set and the  ce n te r vectors are  se lected fro m  i t  by us ing 
O rth o g o n a l Least Square fo rw a rd  se lec tion  m e thod

process w il l  n o t g ive  h ig h e r p r io r i ty  to  th e  la tes t d a ta  and  ca nn o t m ake sure the 

new  n e tw o rk  can trace  any  changes in  th e  mean re la tio n s h ip  between in p u t and 

o u tp u t.  Based on these reasons, i t  is b e tte r  to  use an a d a p tiv e  R B F  n e u ra l n e tw o rk  

fo r ra in fa ll e s tim a tio n .

In  th is  a d a p tiv e  le a rn in g  scheme deve loped here, th e  new  n e tw o rk  is based on 

the  e x is tin g  n e tw o rk , b u t th e  e x is tin g  n e tw o rk  is m o d ifie d  a cco rd in g  to  the  new 

d a ta . O ne o f  the  s im p le s t ways to  r t io d ify  the  n e tw o rk  fo r new  d a ta  is to  add o r 

rem ove neurons as w e ll as change the  ce n te r vec to r. T h e  schem atic  o f  a lte r in g  the  

cen te r vectors is show n in  F ig u re  G.20. T h e  p rocedure  used to  m o d ify  the  R B F  

n e tw o rk  is as fo llow s . F irs t  th e  s ta n d a rd  O LS  m e tho d  th a t  was used to  b u ild  the 

n e tw o rk  fro m  the  b e g in n in g  can be a p p lie d  to  the  new  d a ta  set to  com e up  w ith  

new  cen te r vec to r C-t. F o rw a rd  se lection  O L S  m e tho d  is used to  choose som e center 

vecto rs  fro m  the  new  d a ta  (ca lle d  cen te r ve c to r set 2.Co ): T h e  e x is t in g  m ode l has 

cen te r vec to r set (ca lled  ce n te r vec to r set 1, C \),  new  ce n te r ve c to r set can be 

co n s tru c te d  fro m  these tw o  ce n te r ve c to r sets C\ and C>.

For C , G C i  and  Cj G C 2 .
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comer set iprevious j_________ OLS________
irainins data * fore ward selection
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F ig u re  6.20: A  new cente r subset { C j }  is o b ta in e d  by using O LS  forew ard  se lec tion  
fro m  the new availab le  d a ta . F rom  Co and  cente r set { C i }  fro m  the  e x is tin g  
n e tw o rk , a new center ve c to r set { (? }  is selected.

i f

II C  ~  Cj ||<  T  f o r  i ^  j  (6 .15)

then  rem ove C\ (|| || ind ica tes  the  E u c lid e a n  n o rm  and T  is th re sh o ld ). I f  the  

d is tance  fro m  a center ve c to r in  th e  Co to  any o f  the cente r vec to r in  the  C\ is 

g re a te r th a n  a th resho ld , the n  th is  ce n te r vec to r is added to  th e  R B F . one m ore 

neuron  is added to the h idden  layer. T h e  n ex t pa ram ete r to  be d e te rm ine d  is the  

set o f  w e ights ic,. I Yj is d e te rm in e d  fro m  (2 .19). In  th is  process i t  is im p o r ta n t  to  

d e te rm in e  how d iffe ren t the  new d a ta  a re  com pared  to  the  o ld  t ra in in g  d a ta . I f  the  

new d a ta  are very d iffe re n t, then  those d a ta  are inc luded  in  the  set to  d e te rm in e  

the  w e ights. T h is  p rocedure  ensures th a t  the  new d a ta  have h ig he r p r io r i ty  in  the  

d e te rm in a tio n  o f weights o f  the  m o d if ie d  n e tw o rk . F igu re  6.21 shows the  schem atic  

d ia g ra m  o f  the  adap tive  u p d a tin g  schem e fo r R B F -X X  ra in fa ll e s tim a tio n .
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current m odel

new model

widths r
centers C

weights W
widths r

tra in ing  set X
weights w„

training set X

feedforward selection

of centers C

new  data

F ig u re  6.21: Scheme o f  adap tive  R B F  neu ra l n e tw o rk  fo r  R a in fa ll E s tim a tio n
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Chapter 7

A P P L IC A T IO N  O F  T H E  A D A P T I V E  R A D A R  R A IN F A L L  

N E U R A L  N E T W O R K  (R R N )

T h is  c h a p te r describes the  a p p lic a t io n  a nd  pe rfo rm ance  e v a lu a tio n  o f  the  

a d a p tiv e  neu ra l n e tw o rk  scheme proposed in  C h a p te r  6  fo r  T R M .M  (T ro p ic a l R a in ­

fa ll M easurem ent M is s io n )(1995).

7 .1  D a ta  S o u rce

R adar d a ta  used in  th is  s tu d y  were co lle c ted  by th e  M e lb o u rn e  W S R -8 8 D  

ra d a r in  the  su m m e r o f  1995 over ce n tra l F lo r id a . T h e  p e rio d  o f  tw o  consecu tive  

m o n th s  (A u g u s t and  S ep tem ber in  1995) o f  ra d a r  d a ta  and the  co rre sp o n d in g  

ra ingage  m easurem ent records were used fo r th is  s tu d y . T h e  ra d a r vo lu m e  scan is 

pe rfo rm ed  every  10 m in u tes , and  19 ra in  gauges in  the  ra d a r v ic in ity  w ith in  200 

km  rad ius  p ro v id e  ra in fa ll a ccu m u la tio n  o f  eve ry  5 m in u tes . T he  lo c a tio n s  o f  the  

ra ingages are show n in  F ig u re  7.1. T h re e  g roups  o f  ra in  gauges. K S C . S F L . and 

ST.J are m arked  by "o " .  and  respec tive ly .

7 .2  P e r fo r m a n c e  E v a lu a tio n

7 .2 .1  C o m p a r iso n  o f  a  fix ed  n e tw o rk  w ith  a n  a d a p tiv e  n e tw o r k  for  
ra in fa ll e s t im a t io n

To show th e  b en e fit o f  us ing the  a d a p tiv e  u p d a tin g  scheme, ra in fa ll e s tim a tio n  

by using  an a d a p tiv e  n eu ra l n e tw o rk  fo r the  p e r io d  o f  A u g u s t 21 J o  30 is com pared
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Ramgauge S ites -  Melbourne -  AIW2 
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200

120 60

  0 KSC160

120 '  STJ
150 30
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40

180

210 330

300240

270

F igure  7.1: T h e  lo c a tio n s  o f  th e  raingages

aga ins t a fixed  netw ork. T h e  fixed  n e tw o rk  is set up  based on the  ra d a r d a ta  and  

ra ingage  m easurem ent d u r in g  th e  p e r io d  o f  A u g u s t 1 to  20. T h e  R B F  n e tw o rk  

is c o n s tru c te d  using the  a lg o r ith m  described  in  section  I I .  T h is  fixed  n e tw o rk  is 

deno ted  ” R R X [2 0 ] '\  where R R X  s ta n d s  fo r R adar R a in fa ll X e u ra l N e tw o rk  and  the  

n u m b e r 20 ind ica tes  th a t i t  is based on  the  d a ta  co llected  in  these tw e n ty  days. T h e  

a d a p tiv e  n e tw o rk  is based on the  in i t ia l  m ode l (R R X [2 0 ]) . and a d a p tiv e ly  u p d a te d  

everyday  when new ra ingage d a ta  becom e ava ilab le . The  a d a p tive  ne tw o rks  are 

deno ted  as RRX*[21], R R X [2 2 ]. R R X ’ [23]. ... . in  F igu re  7.2. w h ich  is used to  

e s tim a te  ra in fa ll fo r the  successive days.

T h e  mean h o u rly  ra in  ra te  e s tim a tio n  fro m  the  fixed  ne tw o rk  and the  a d a p tiv e  

n e tw o rk  over the  gauge are show n in  F ig u re  7.3 d u r in g  the p e r io d  o f  A ug u s t 21 to  

30. 1993 (240 hours). T here  are 3 pane ls  in  th is  figu re . Panel (b ) shows the  h o u r ly  

ra in  ra te  e s tim a te d  by using the  fixe d  n e tw o rk  ( in  dashed line ) aga ins t the  g ro u n d
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August, 1995 
2 1 2 2  2320 25

 J_________L

evstirtf* f i t t ’sv rittys 

hv initifdt ATAT V

August, 1995 
2 1 22 23 2725

trainincJ data 
tor initial KRN 

( RRNJ201) (vstit*izJttltow itiK  titty 

witit t trw

F ig u re  7.2: T h e  scheme o f  com parison  between a fixed n e tw o rk  w ith  an adap tive  
neu ra l n e tw o rk  fo r ra in fa ll e s tim a tio n  fo r the  10 day p e r io d  (A u g u s t 21 to  30 in  
1995).

obse rva tion  ( in  so lid  lin e ). Panel (c) shows the  h o u rly  ra in  ra te  de rived  by using the  

a d a p tive  n e tw o rk  com pared  aga inst the  co rrespond ing  g ro u n d  observations. For 

the  convenience o f  e v a lu a tin g  these tw o neura l ne tw ork  a lg o r ith m s , the  h o u rly  ra in  

ra te  o b ta in e d  fro m  th e  W S R -8 8 D  Z -R  a lg o r ith m  is p ro v ide d  in  pane l (a). The  mean 

d a ily  ra in fa ll a c c u m u la tio n  resu lts  based on these three ra in fa ll a lg o r ith m  are shown 

in  F ig u re  7.4. T h e  s ta t is t ic a l analysis o f  the  ra in fa ll e s tim a tio n  resu lts  are lis ted  in  

tab le  7.1. F rom  th is  ta b le , i t  can be seen th a t the  h o u rly  ra in  ra te  e s tim a tion  bias 

co rre sp on d ing  to  W S R -8 8 D  Z -R  a lg o rith m , the  fixed R R X  and  th e  adap tive  R R X  

are 0 .1875m m . 0 .0353m m . and 0.0258m m . respective ly : the  co rrespond ing  FSE 

(F ra c tio n a l S ta n d a rd  E r ro r)  (X ia o . 1997) are 0.50. 0.29. and  0.27. respectively. 

As fo r the  d a ily  ra in fa ll a ccum u la tio n , the  e s tim a tio n  b ias w ith  respect to  the 

three* a lg o r ith m  are 4 .991m m . 0.8410m m . and 0 .6226m m . respective ly , the  FSE 

an* 0.49. 0.10. and  0.10. respective ly . I t  is obvious th a t b o th  the  fixed R R X  and 

the  a d a p tive  R R X  p e rfo rm  b e tte r than  the W S R -8 8 D  Z -R  a lg o r ith m , the adap tive
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neu ra l ne tw o rk  o u tp e r fo rm s  the  fixe d  n e u ra l n e tw o rk . T h e  pe rfo rm ance  o f  the  

n e tw o rk  is im proved  w hen  us ing  a d a p tiv e  scheme.

T ab le  7.1: Mean ra in fa ll e s t im a tio n  com parisons  between 3 A lg o r ith m s  d u r in g  a 
1 0  day period  (A u g . 21 -  30. 1995). R F g is the  averaged g ro u n d  obse rva tio n  
fro m  a ll the  gauges. R F e is the  averaged e s tim a tio n  fro m  X X  o r  VVSR-8 8 D  R -Z  
a lg o r ith m  a t a ll th e  gauges' lo c a tio n s . C O R R  is the  c o rre la tio n  coe ffic ien t. FS E  is 
th e  F ra c tio n a l S ta n d a rd  E rro r . V a lues o f  R F g. R F e, and  bias are in  m illim e te rs

ne tw o rks
h o u r ly  ra in  ra te  e s tim a tio n

R F g R F e bias C O R R FSE
W S R -8 8 D  Z -R  a lg o r ith m  

the fixed  R R X  
the a d a p tiv e  R R X

0.3811
0.3811
0.3811

0.1936
0.3458
0.3553

0.1875
0.0353
0.0258

0.95
0.95
0.95

0.50
0.29
0.27

ne tw o rks
d a ily  ra in fa ll a c c u m u la tio n

R F g r f 2 bias C O R R FSE
\V S R -8 SD Z -R  a lg o r ith m  

the fixed  R R X ' 
the a d a p tive  R R X

9.1463
9.1463
9.1463

4.6472
8.3026
8.5237

4.4991
0.8416
0.6226

0 . 8 8

0.89
0.90

0.49
0.16
0 . 1 0

7 .2 .2  C o m p a r iso n  o f  th e  a d a p t iv e  R R N  n e tw o rk  w ith  th e  c o m p le te ly  
re-tra in ed  n e tw o rk

T o show the  a d a p tiv e  u p d a te d  n e u ra l n e tw o rk  can reach n e a rly  the  same level 

o f  accuracy as the  n e tw o rk  w h ich  is c o m p le te ly  re -tra in e d  w ith  a ll the  a va ilab le  

d a ta , the  5 day (fro m  A u g u s t 21 to  25) ra in fa ll e s tim a tio n  are com pared  by us ing  

the1 a d a p tive  u p d a tin g  scheme and  th e  c o m p le te ly  re - tra in in g  scheme. T h is  exer­

cise also reveals one o f  the  p ra c tic a l advan tages o f  th e  a d a p tive  scheme over s im p le  

re - tra in in g  scheme. T h e  schem atic  o f  th e  e x p e rim e n t is show n in  F ig u re  7.5. In  

F ig u re  7.5. the m ean ing  o f  R R X [2 1 ]. R R N [2 2 ] e tc. is th e  same as th a t e xp la in e d  

in  section  7.2.1. L e t R R X /r [2 l]  in d ic a te  th e  F ixe d  R a in fa ll R a te  X e u ra l X e tw o rk  

o b ta in e d  by co m b in in g  d a ta  fro m  th e  f irs t  2 1  days to  fo rm  a t ra in in g  d a ta  se t. and 

then  s im p ly  tra in  w ith o u t  us ing  th e  a d a p tiv e  u p d a tin g  scheme in tro d u ce d  in  the
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E(observation)=0.3811, E(estimation)=0.1936. Baas=0.1875. FSE=0.50

-1

- 2
50
Hour (from 1st Hour on Aug. 21 to 24th Hour on August 30. 1995)

lOO 150 200 250

(a) e s tim a tio n  fro m  YVSR-8 8 D  Z -R  a lg o r ith m

E(observation)=0.381 1. E(estimation)=0.3458. Btas=0.0353. FSE=0.29
6

5

3

2

1

O

1
50 1 0 0o 150 200 250
Hour (from 1st Hour on Aug. 21 to 24th Hour on August 30. 1995)

(b ) e s tim a tio n  from  n o n -a d a p tiv e  X X

E(observation)=0.381 1. E(estimation>=0.3553. Btas=0.02S8. FSE=0.27

10O 150 200
Hour (from 1st Hour on Aug. 21 to 24th Hour on August 30. 1995)

250

(c) e s tim a tio n  from  a d a p tiv e  X X

F ig u re  7.3: H o u r ly  ra in  ra te  e s tim a tio n  resu lts  c o m p a riso n  between a fixed X X  
and  a a d a p tiv e  X X  ( fo r  A ug .21 -30 , 1995)
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3S

30

rr~ 1 S
1 o

21

E(observation)s9.1463. E(estimation)su|.6472. Bias=4.4991. FSE=0.49

1
22 23

T? T<
?

25 26 27
Day in August. 1995

(a) e s tim a tio n  fro m  th e  W S R 8 8 D  a lg o r ith m

35 

30 

25  

«T 2 0TT3

I t s

E(observation)s9.1463. E(estimatioo)s6.3050. BiassO.8414, FSE=0.16

r ?r
I i - 1 : j :

9
9

25 26 27
Day in August. 1995

30

(b ) e s tim a tio n  fro m  th e  non -a d ap tive  X X

E(observation)=9.1463. E(estimation)=8.S269. Bias=0.6194. FSE=0.10

25 26 27
Day in August. 1995

(c) e s tim a tio n  fro m  the  a d a p tive  X X

F ig u re  7.4: D a ily  ra in fa ll a cc u m u la tio n  e s tim a tio n  results com parison  betw een a 
fixed  X X  and  the a d a p tive  X X  ( fo r  A ug .21 -30 . 1995)
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F ig u re  7.5: The scheme o f  co m p a rison  between a s im p ly  re -tra in e d  n e tw o rk  w ith  
a d y n a m ic  netw ork fo r ra in fa ll e s tim a tio n  fo r  the day o f  A ug u s t 21 to  25 in  1995.

section  I I .  D u rin g  the  process, the  advan tage  o f  the  a d a p tive  scheme became o b v i­

ous w hen the  com plete  t ra in in g  process becam e c o m p u ta tio n a lly  ve ry  expensive  as 

new d a ta  become ava ilab le . T h is  is an im p o r ta n t p ra c tic a l p ro b le m . H owever, by 

using  the  adap tive  u p d a tin g  scheme in tro d u c e d  above, th is  process is s im p lifie d . 

T h is  expe rim en t was done o n ly  fo r  5 d a ys ’ ra in fa ll a c cu m u la tio n  due to  co m p u ­

ta t io n a l co m p le x ity  fo r com p le te  re - tra in in g . We can com pare  the  pe rfo rm ance  

o f the  tw o  schemes. T h e  m ean h o u r ly  ra in  ra te  e s tim a tio n  com parison  over the  

gauge loca tions  is shown in  F ig u re  7.6 and  the  mean d a ily  ra in fa ll a c cu m u la tio n  

com parison  is shown in  F ig u re  7.7.

T ab le  7.2 lis ts the  s ta t is t ic a l e v a lu a tio n  o f  th is  e xp e rim e n t. F rom  the  resu lt 

o f  T ab le  7.2. i t  can be seen th a t the  pe rfo rm ances o f  the  s im p ly  re -tra in e d  R R X  

and the  adap tive  upd a te d  R R X  are s im ila r .  There fo re , we can conc lude  th a t fro m  

th is  ana lys is  th a t the  a d a p tive  R R X  can p e rfo rm  as w e ll as the  c o m p le te ly  re­

tra in e d  R R X  in a ll aspects o f  e s tim a tio n  accuracy, such as b ias and  percentage 

e rro r. F u rthe rm ore , the  a d a p tive  R R X  is m uch s im p le r, faste r and  easier to  t ra in ,  

and never c o m p u ta tio n a lly  grow s o u t o f  c o n tro l.
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(a) h o u r ly  ra in  ra te  fro m  g ro u n d  o bse rva tio n  and the  s im p ly  re - tra in e d  X X

E(observation)sO,5447. E(estimation)=0.5049. 0ias=O.O399. FSE=0.25

-1
20 40 60

hour (from 1 st hour on Aug. 21 to 24th hour on August 25. 1995)
1 0 0 1 2 080

August

(b ) h o u r ly  ra in  ra te  fro m  g ro u n d  obse rva tion  and th e  a d a p tiv e  X X

F ig u re  7.6: 5 days (A u g . 21-25) h o u r ly  ra in  ra te  e s tim a tio n  re s u lts  com parison  
between a s im p ly  re -tra in e d  X X  and  th e  d y n a m ic  X X
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(a) d a ily  ra in fa ll e s tim a tio n  from  g ro u n d  o bse rva tio n  and  the  s im p ly  re -tra in e d  X X

E(observation)=s1 3.0733. E(estimation)=12.l 164. Bias=0.956S. FSE*0.09
35

p

30

25

1 5
p O

I O

21.5 22.5 23
Day in August. 1995

23.5 25 25.5
9951

(b ) d a ily  ra in fa ll e s tim a tio n  fro m  g round  o b se rva tio n  and  th e  adap tive  X X

F ig u re  7.7: 5 days (A u g . 21-25) d a ily  ra in fa ll a c c u m u la tio n  e s tim a tio n  resu lts 
com p a rison  between a s im p ly  re -tra in e d  X X  a n d  the  d y n a m ic  X X
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Tab le  7.2: M ean ra in fa ll e s tim a tio n  com parison  between s im p ly  re -tra in e d  n e t­
w ork  and  the  ada p tive  neura l n e tw o rk  d u r in g  the  5 day period  (A u g . 21-25. 1995). 
RF,j is the  averaged g ro un d  obse rva tio n  fro m  a ll the gauges. R F n is th e  averaged 
e s tim a tio n  fro m  X X  a t a ll the  gauges' lo ca tion s . C O R R  is the  c o rre la tio n  coeffi­
c ien t. FSE  is the  F ra c tio n a l S ta n d a rd  E rro r. Values o f  R F g. R F n. and b ias are in  
m illim e te rs

netw orks
h o u r ly  ra in  ra te  e s tim a tio n

RFg R F e bias C O R R FSE
s im p ly  re -tra in e d  R R X  

the  ada p tive  R R X
0.5447
0.5447

0.4880
0.5049

0.0568
0.0399

0.97
0.95

0 . 2 2

0.25

netw orks
d a ily  ra in fa ll a ccum u la tio n

RFg RF-, bias C O R R FSE
s im p ly  re -tra in e d  R R X  

the  ada p tive  R R X
13.0732
13.0732

11.7111
12.0721

1.3621
1 . 0 0 1 1

0.80
0.80

0.13
0.09

7 .2 .3  F u rth er  co m p a riso n  o f  th e  fix ed  n etw ork  w ith  th e  a d a p tiv e  n e t­
w ork  over lo n g er  p e r io d

To inves tiga te  the  lo n g -te rm  s ta b il i ty  (m o n th  to  m o n th ) o f  the  a d a p tiv e  R R X  

scheme, the  a d a p tive  R R X  is used c o n tin u o u s ly  to  es tim a te  ra in fa ll fo r  th e  next 

40 days (A u g . 21 - Sept. 30. 1995). T h e  schem atic  o f  th is  ana lys is is show n in  

F ig u re  7.8 .T he  h o u rly  ra in  ra te  and d a ily  ra in fa ll accum u la tion  fo r the  40 days by 

using  the  fixed  R R X  and  a d a p tive  R R X  are com puted .

T ab le  7.3 gives a su m m a ry  o f  the  s ta t is t ic a l e va lua tion  o f the  tw o  schemes fo r 

th is  ana lys is . A lso  shown in  T ab le  7.3 are com parison  w ith  YVSR-8 8 D  a lg o r ith m . 

F rom  T ab le  7.3. i t  can be seen th a t  by us ing  ada p tive  R R X  ra th e r th a n  the  fixed  

R R X . the  bias o f  h o u rly  ra in  ra tes decreased s u b s ta n tia lly  from  6.1% to  2.05% . and 

the bias o f  d a ily  ra in fa ll a ccu m u la tio n  decreased fro m  6.18% to  2.23%: A lso . FSE 

fo r h o u r ly  ra in  ra te  is decreased fro m  0.39 to  0.34. and the  FSE fo r d a ily  ra in fa ll 

a c cu m u la tio n  is decreased fro m  0.21 to  0.17. T ab le  7.4 shows ra in fa ll e s tim a tio n
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A u g u s t. 1995 
20 21 22 23

S e p te m be r. 1995

24 25 2f>

t n u n i n d  d a m  
t o r  i n i t i a l  R R N

te s t in g  th e s e  days  
b y  i n i t i a l  R R X

A u g u s t. 1995 
20 21 22 23

S ep tem ber. 1995
24 25 2b  27 2S 2*> 30

im tn m d  data  
fu r  in i t ia l  R R N  

< R R N [2 0 I> te s t in g  f n l l n  w in g  d a y  

w ith  n e w  X X  R R X
R R N ( 2 1 1

R R N 123 I

R R N ( 6 0 J

F ig u re  7.8: T h e  scheme o f  co m p arison  be tw een  a fixed  n e tw o rk  w ith  a d y n a m ic  
n e tw o rk  fo r  ra in fa ll e s tim a tio n  fo r th e  d a y  o f  A u g u s t 21 to  S ep tem ber 30 in  1995.

c o m p a riso n  between the  a d a p tive  R R N  a n d  W S R -8 8 D  a lg o r ith m  fo r  s ing le  p o in t  in  

space fo r  one m o n th  pe riod  (S eptem ber. 1995). In  th is  tab le , the  s ta t is t ic a l ana lys is  

o f  ra in fa ll  a c cu m u la tio n  over 1-day. 5 -day, a n d  25-day (a lm ost one m o n th , n o -ra in  

days are rem oved from  the  a c c u m u la tio n ) a re  lis te d . T h e  bias fo r 1 -day, 5-day. and  

25-day ra in fa ll a ccum u la tio n  by us ing  th e  a d a p tiv e  R R N  a lg o r ith m  is 3.29c, 4 .06% . 

a n d -3.8%. respective ly : the  re la ted  FS E  is 37% , 32% . and 13%. re spec tive ly . T h e  

b ias us ing  W S R -8 SD Z -R  a lg o r ith m  is 38 .91% , 44.82% . and 39.29% . respective ly , 

and the  co rre sp on d ing  FSE is 52% . 50% , a n d  39% , respective ly . T h e re fo re , we 

can conc lude  th a t  ra in fa ll e s tim a tio n  b ias b y  us in g  th e  a d a p tive  R R N  a lg o r ith m  is 

o n ly  0 f  th a t  by using W S R -8 8 D  Z -R  a lg o r ith m , and  also FSE is decreased by 

a p p ro x im a te ly  16%.

7 .3  S u m m a r y  and  C o n c lu s io n

A n  a d a p tiv e  neural ne tw o rk  scheme fo r  ra in fa ll e s tim a tio n  is deve loped in  th is  

paper. T h e  m o tiv a tio n  fo r th is  m e th o d  is to  deve lop  a scheme w here  a n eu ra l
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T a b le  7.3: M ean ra in fa ll e s tim a tio n  com parisons between 3 A lg o r ith m s  fo r the  pe­
r io d  o f  40 d ays ’ (A u g . 21 - S pe t. 30. 1995). R F g is th e  averaged g ro u n d  observa tion  
fro m  a ll the  gauges. R F e is th e  averaged e s tim a tio n  fro m  X X  o r  W S R -8 8 D R -Z 
a lg o r ith m  at a ll the  gauges' lo ca tio n s . C O R R  is the  c o rre la t io n  co e ffic ie n t. FSE is 
the* F ra c tio n a l S ta n d a rd  E rro r . Values o f  R F g. R F e. and b ias  are  in  m illim e te rs

ne tw o rks
h o u rly  ra in  ra te  e s tim a tio n

R F g R F e bias (% ) C O R R FSE
W S R -8 8 D Z -R  a lg o r ith m  

the  fixed  R R X  
the  a d a p tive  R R X

0.1465
0.1465
0.1465

0.0895
0.1375
0.1435

38.57
6 . 1

2.05

0.89
0.92
0.94

0.49
0.39
0.34

netw orks
d a ily  ra in fa ll a c c u m u la tio n

R F g RF-2 bias (% ) C O R R FSE
W S R -8 8 D Z -R  a lg o r ith m  

the  fixed  R R X  
the  a d a p tiv e  R R X

3.519
3.519
3.519

2.1530
3.3015
3.4405

38.82
6.18
2.23

0.91
0.96
0.96

0.44
0 . 2 1

0.17

n e tw o rk  b u i l t  fo r ra d a r ra in fa ll e s tim a tio n  can be g ra d u a lly  m o d if ie d  over tim e  

w ith o u t  re tra in in g  th e  n e tw o rk  fro m  the  b eg in n ing . T h is  was ach ieved by us ing  a 

R a d ia l Basis F u n c tio n  neu ra l n e tw o rk  w here new neurons were added by p ick in g  

up  p o te n t ia l new in fo rm a tio n  fro m  th e  new  d a ta  and  a d ju s t in g  th e  cen te r vectors 

a m i w e igh ts  o f  the  R B F . T h e  a lg o r ith m  also p ro v id e d  p r io r i t y  to  new  d a ta  in  the  

t ra in in g  process. T h e  p e rfo rm an ce  o f  the  a d a p tive  neura l n e tw o rk  is eva lua ted  

by us ing  tw o  m o n th s  o f  W S R -8 8 D  d a ta  co llec ted  fo r  the T R M M  p ro g ra m . The  

ana lys is  in d ic a te d  th a t  th e  a d a p tiv e  R R X  o u tp e rfo rm s  the  fix e d  neu ra l ne tw o rk  

fo r ra in fa ll e s tim a tio n . In  a d d it io n  the  a d a p tive  n e tw o rk  a lso  reach the  same 

e s tim a tio n  accuracy as a c o m p le te ly  re -tra in e d  fixed  R R X  w ith  a ll th e  ava ilab le  

d a ta . W hen com pared  w ith  a c o m p le te ly  re -tra in e d  neu ra l n e tw o rk , th e  a d a p tive  

neu ra l n e tw o rk  is easier and  fas te r to  se t-up  because its  c o n s tru c t io n  is based on 

the  c u rre n t e x is tin g  R R X  ra th e r  th a n  s ta r t in g  fro m  the  b e g in n in g .
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T ab le  7.4: R a in fa ll e s tim a tio n  com parison  betw een a d a p tiv e  R R X  and W S R -8 8 D  
a lg o r ith m  fo r s ing le  p o in t in  space fo r a lm o s t a m o n th  p e rio d  (Septem ber. 1995). 
R F g is the  averaged g ro u n d  o bse rva tion  fro m  a ll the  gauges. R F n is the  averaged 
e s tim a tio n  fro m  X X  a t  a ll the  gauges' lo ca tion s . C O R R  is the  co rre la tio n  coe ffi­
c ie n t. FSE is the  F ra c tio n a l S ta n d a rd  E rro r. \  a lues o f  R F g. R F n. and  bias are in  
m illim e te rs

Accumulation
over RFg

Adaptive neural network
R F n Bias (%) C O R R FSE

1 day 9.3844 9.0773 3.27 0.9111 0.3763
5 day 27.4696 26.3555 4.06 0.9019 0.3237

25 day 
(% m o n t h l y ) 137.7549 132.4481 3.8 0.8838 0.1356

Accumulation
over RFg

W SR -88D  R -Z  Algorithm
R F r - z Bias (%) C O R R FSE

1 day 9.3844 5.7331 38.91 0.S413 0.5294
5 day 27.4696 15.1581 44.82 0.8659 0.5083

25 day 
(ss m o n t h l y ) 137.7549 83.634 39.29 0.853 0.3929
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C hapter 8

S U M M A R Y , C O N C L U S IO N S  A N D  S U G G E S T IO N S  F O R  F U T U R E

R E S E A R C H

8.1  S u m m a r y

T h e  m a in  goa l o f th is  research is to  d eve lop  a lg o r ith m s  fo r a u to m a tic  id e n t i­

f ic a tio n /c la s s if ic a tio n  o f  h yd ro in e te o r types  based on p o la r im e tr ic  ra d a r d a ta , and  

q u a n t ita t iv e ly  to  es tim a te  p re c ip ita tio n  such as ra in fa ll ra te  o r ra in fa ll a ccum u la ­

tio n . In  th is  d isse rta tio n , fuzzy log ic  and  n e u ra l ne tw o rk  techniques are a p p lie d  

to  address these issues. S pec ifica lly , a n e u ro -fu zzy  ne tw o rk  is developed to  f u l f i l l  

the  task o f  a u to m a tic  c lass ifica tion  o f  the  h y d ro m e te o r types, an a d a p tive  n e u ra l 

ne tw o rk  scheme is developed to  es tim a te  ra in fa l l  ra te  and to  m a in ta in /u p d a te  the  

ra d a r ra in fa ll e s tim a tio n  ne tw o rk  o n -lin e  o ve r tim e . T he  m a jo r c o n tr ib u t io n s  o f  

th is  d is s e rta tio n  a rc sum m arized  as fo llo w in g s :

i) A  fuzzy lo g ic  hyd rom e teo r type  c la s s ific a tio n  has been developed. F ive  ra d a r 

param ete rs , nam ely, h o rizo n ta l re f le c tiv ity  (Z /,) .  d iffe re n tia l re f le c t iv ity  (Z dr). d i f ­

fe re n tia l p ro p a g a tio n  phase s h if t  (A rfp), c o rre la t io n  coe ffic ien t ( /^ . (O )) ,  and  lin e a r 

d e p o la r iz a tio n  ra t io  (L D R ), and c o rre sp o n d in g  a lt i tu d e  have been used as in p u t  

variab les to  th e  fuzzy log ic  system . T h e  sys tem  can d is c r im in a te  10 d iffe re n t hy- 

flro m e te o r types based on the  10 fuzzy  ru les. A c c o rd in g  to  the  fuzzy  ru le  base. 

50 m em bersh ip  fun c tio ns  are used to  rep resen t the  10 fuzzy sets fo r the  five in ­

p u t variab les. T h e  m em bersh ip  fu n c tio n s  p la y  an im p o r ta n t ro le  in  the  sys tem .
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B o th  one d im e n s io n a l and tw o  d im e n s io n a l b e ta  fu n c tio n s  are used as th e  fo rm  

o f  m e m b e rsh ip  fu n c tio n s . T h is  fu zzy  lo g ic  h yd ro m e te o r c la ss ifica tio n  a lg o r i th m  is 

im p le m e n te d  by us ing  an o b je c tiv e  o rie n te d  p ro g ra m m in g  m e th o d , b o th  the  ru le  

base a nd  th e  m em bersh ip  fu n c tio n  d e s c r ip tio n  files are not coded in  th e  p ro g ra m s , 

in s tead , th e y  are a ll e x te rn a l files, w h ich  increases th e  f le x ib il i ty  o f  the  a lg o r ith m . 

In  o th e r  w ords, the  system  can be a d ju s te d  s im p ly  by m o d ify in g  the  ru le  base 

and m e m b e rsh ip  fu n c tio n  files w ith o u t  ch an g in g  th e  p rogram s o r  re -c o m p ilin g  t lie 

w ho le  p ro g ra m  package.

ii)  A  le a rn in g  a lg o r ith m  is deve loped  fo r f in e - tu n in g  the  p a ram ete rs  o f  th e  m e m ­

be rsh ip  fu n c tio n s  in  the  system  based on  in -s itu  d a ta . T h is  le a rn in g  a lg o r i th m  

is in sp ire d  by re g a rd in g  a fuzzy  lo g ic  system  as a m u lt i- la y e r  p e rc e p tro n  n e u ra l 

n e tw o rk  w ith  the  d iffe re n t fo rm  o f  neu ron  and  in te r- la y e r co nn e c tion s , b u t w i th  

the  s im i la r  m u lt i- la y e r  s tru c tu re . E ssen tia lly , the  le a rn in g  a lg o r ith m  is a m o d if ie d  

b a c k -p ro p a g a tio n  le a rn in g  a lg o r ith m .

i i i )  P e rfo rm an ce  e v a lu a tio n  a nd  in -s itu  v e r if ic a t io n  o f  the  fuzzy  log ic  h y d ro m e ­

teo r c la s s ific a tio n  a lg o r ith m  have been c a rr ie d  o u t by  a p p ly in g  the  a lg o r ith m  to  

the  ra d a r  d a ta  co lle c ted  by the  C S U -C H IL L  ra d a r and  com pared  w ith  th e  H V P S  

im ages g a th e red  by  T -2 8  a irc ra f t ,  m a n u a l h a il co lle c tio n  by ha il-chase -van  in s t ru ­

m ented  w ith  h a il-c o ile c tio n  ne t, a nd  2 D -d is tro m e te o rs . M a n y  case s tud ies  show  

r lie  e ffectiveness and  h ig h  a ccu racy  o f  the  in ference.

iv ) A  R B F  neu ra l n e tw o rk  a lg o r ith m  fo r  d e te c tio n  o f  ra in /n o - ra in  c o n d it io n  o n  

the  g ro u n d  is deve loped. T h e  c la s s ific a tio n  o f  ra in /n o - ra in  is based on th e  v e r t ic a l 

p ro file  o f  re f le c t iv ity  above th e  d e te c tio n  p o in t on  the  g ro un d . T h e  t ra in in g  o f  

t in 1 n eu ra l n e tw o rk  is c a rrie d  o u t b y  us ing  the  d a ta  co llec ted  by the  W S R -8 8 D  

ra d a r a t M e lb o u rn e . F lo r id a  and  severa l ra ingage ne tw orks  lo ca te d  in  th e  v ic in i t y  

o f  the  ra d a r  in  .July. 1993. T h e  te s t in g  and  e v a lu a tio n  o f  the  n e tw o rk  is s tu d ie d
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by a p p ly in g  the  ne tw o rk  on tw o  e v a lu a tio n  d a ta  sets, one set was co llec ted  in  

A u g u s t. 1995. and  the  o th e r one in  S ep tem ber. 1995. T he  effect o f  using  th e  

c la ss ific a tio n  scheme before a p p ly in g  a ny  ra d a r ra in fa ll a lg o rith m  is s tud ie d  a lso 

in  th is  d is s e rta tio n : i t  has show n th a t  the  ra in fa ll a ccum u la tio n  accuracy can be 

im p ro ve d  as m uch as 1 0 %.

v) A n  a d a p tiv e  neu ra l n e tw o rk  ra d a r ra in fa ll a lg o r ith m  is developed to  enable  th e  

n e tw o rk  to  be s e lf-m a in ta in in g  and  s e lf- im p ro v in g  by in c o rp o ra tin g  new d a ta  in to  

th e  n e tw o rk  w ith o u t go ing  th ro u g h  th e  ted io u s  and tim e -co n sum ing  re - tra in in g  

process fro m  the  beg inn ing . O ne o f  th e  m a in  advantages o f the  a d a p tive  le a rn in g  

a lg o r ith m  is th a t the  ne tw ork  fine -tunes  th e  pa ram ete rs  and the  s tru c tu re  o f  th e  

n e tw o rk  by us ing  the  cu rre n t neu ra l n e tw o rk  as an in i t ia l  ne tw ork . A  b y -p ro d u c t 

o f  the  a lg o r ith m  is a p rocedure  fo r se le c ting  th e  m ost represen ta tive  tra in in g  d a ta , 

w h ich  is a c ru c ia l step th a t in fluences the  pe rfo rm an ce  o f ne tw o rk  d ire c tly . T h e  

pe rfo rm an ce  o f  the  a dap tive  neu ra l n e tw o rk  is eva lua ted  by using tw o  m on ths  o f  

W S R -8 8 D  d a ta  co llected fo r the  T R .M M  p ro g ra m  in  M e lbo rne  (F lo r id a ) .  T h e  

ana lys is  in d ic a te d  th a t  the  a d a p tive  n e tw o rk  o u tp e rfo rm s  the fixed neu ra l n e tw o rk  

fo r ra in fa ll e s tim a tio n . In  a d d it io n , th e  a d a p tiv e  ne tw o rk  can reach the  same 

e s tim a tio n  accuracy as a c o m p le te ly  re - tra in e d  R R X  w ith  a ll the  a va ilab le  d a ta . 

F u rth e rm o re , the  a dap tive  neu ra l n e tw o rk  is easier and faste r to  se t-up  because its  

c o n s tru c tio n  is based on the  cu rre n t R R X  ra th e r  th a n  s ta r t in g  fro m  the  beg inn ing .

8 .2  R e c o m m e n d a tio n s  for fu tu r e  w o rk

T h e  fo llo w in g  areas o f  in v e s tig a tio n  c o u ld  fo llo w  on from  the  w o rk  presented 

in  th is  d isse rta tio n :

•  T h e  p re lim in a ry  fo rm  o f  ru le  base and  m e m b e rsh ip  fun c tio ns  d escrib ing  the  

fuzzy  sets appeared in  the  ru le  base fo r fuzzy  hyd rom eteo r c la ss ifica tion  p ro ­
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posed in th is  d isse rta tio n  are based u po n  the  e m p irica l and th e o re tic a l expe­

rience. F u rth e r im p rovem en t o f  th e  ru le  base and the  m em bersh ip  fu n c tio n s  

is necessary. T h is  includes a d d in g  m ore  possible m ix tu re s  o f  h yd ro m e te o r 

states for increasing  the  d is c r im in a t io n  c a p a b ility , thus enh a nc ing  the  repre­

sen ta tion  o f the  m em bersh ip  fu n c tio n s .

•  T h e  lea rn ing  a lg o r ith m  o f  the  n e u ro -fu zzy  hyd rom eteor typ e  c la ss ifica tio n  

has to  be app lied  to  p ra c tic a l cases as m ore  and m ore in -s itu  m easurem ents 

become availab le .

•  T h e  fe a s ib ility  o f the  a d a p tive  n e u ra l n e tw o rk  needs to  be v a lid a te d  by fu r ­

th e r a p p lica tio n  to  d a ta  over m a n y  geograph ica l regions and  c lim a t ilo g ic a l 

regimes.
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