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Problem Statem ent:

The Sudd Wet 1 andi n Sout h Sudani savi t al component oft he Ni 1 e Ri ver Basi n. Duri ngt he ¢
Mar), t he permanent wet |1 and area i s est i mat ed t & Beulb,0Q tkihe hei ght of t he rai ny season i

Sept ember, rel eases from Lake Vi ct ori aupst ream augment t he fl owst hrought he Whi t e Ni | e. A
ent ert he Sudd, wat erspi 1 1 si nt ot he fl oodpl ai ns and expands out ward. Asaresul t oft hi s c
rai nfal 1 andhi ghfl ows,t hefl oodedarcaoft hewet 1 andi sbel i evedt odoubl ei nsi %e,t o appro
Duet ot hehi ghevapot ranspi rat i onrat esi nt hi ssemi -ari denvi ronment ,onl yhal foft hew at
exi t st hewet 1 andat t he downst reamend. Fi gure 1 show st he mai nchannel soft he Sudd andt hees
of seasonal fl oodi ng. Thi s fi gure was publ i shed by Sut cl i ffe and Parks t o1 |1 1 ust rat e a si r
hydrol ogi ¢ model oft he wet I and. The vol ume of wat erwi t hi nt he Sudd coul d be det ermi ned t
bet w een measured out fl owsat Mal akal andi nfl owsat Juba (1987).

The desert count ri es dow nst ream of t he Sudd (Sudan and Egypt )
woul dl i ket ochannel i zet he wet 1 and and convey w at er dow
before i t overfl ows and evaporat es. H ow ever, t here are nomadi «

GLEI CANAL

communi t i eswhol i ve wi t hi nt he Sudd and rel y on t he
fl oodi ngcycl et oregenerat et he grassl ands whi chfeedt hei rca
addi t 1 on, fl ow al t erat i onst ot he Sudd woul d di srupt 1
ecosyst emandt heservi cesi t provi des. Therefore, pri ort o di ver
: wat er from t he wet 1 and and conveyi ng i t dow nst ream, deci
‘ makers shoul d consi der t he det ri ment al i mpact s such al t «

coul d have ont hel ocal peopl e and envi ronment (Howel I , Lo
Cobb, 1988).

Fig. 1 Lecation map of the Sudd area,

gure 1: H ydrol ogi c M®delcl 1 ffe & Parks, 1987)



In ordert ounderst and and quant i fyt hesei mpact s,abet t erunderst andi ngoft he Sudd hydrol ogyi s n
i nput requi red fort hecal i brat i on ofahydrol ogi cmodel oft he Suddi sfl ooded area, w hi ch chang
t he past , areal ext ent s of fl oodi ng were roughl y est i mat ed from onl y a few aeri al 1 mages; ¢
avai 1 abl egi vent hescal eoft he wet | and and t he count ry’s st at eof pol i t i cal 1 nst abi |
now exi st t omoreaccurat el ydet ermi net hi s paramet er usi ngremot e sensi ng dat a from eart h obse
For our proj ect ,wehaveappl i edcl assi fi cat i ont echni quesi nt roducedi nt hecourset ot hi s s:
at t empt t odi st i ngui sh bet ween open w at er, permanent 1 y fl ooded veget at i on, seasonal 1 y fl
upl and veget at i on. The ext ent of fl ooded area coul dt hen easi 1 y be ext ract ed from t hese cl assi
appl 1 edt oahydrol ogi c¢model oft he Sudd.

Data Source

The dat ausedi nt hi scl assi fi cat i oni sderi ved frommul t i -t emporal 1 magery from N A SA ’s 1
carri es t he Moderat e Resol ut i on Imagi ng Spect roradi omet er (MO D IS). From t hi s sensor, t he
resol ut i on 8 day composi t el and surface refl ect ance product (MO D 09A 1) w as dow nl oaded. Eachi mag
product cont ai ns refl ect ance val ues from 7 bands (w avel engt hs), whi ch have been at mospheri cal 1
(V ermot e, 2015).

The Terrasat el 1 i t ere-vi si t st heSuddonaneardai 1 ybasi s,but duet ofrequent cl oud cover a more
can be obt ai ned by compi 1 i ngt he ‘best *pi xel soveran 8 day peri od. H ow ever, event he 8 day composi
cont ai ns mi ssi ng dat a from cl oud cover. Each downl oaded i mage i ncl udes a qual i t y assurance |
i ndi cat eswhet hercl oudsweredet ect edori ft here were anyot herqual i t yi ssuess(NASA LPD A
t hi sdat al ayer, pi xel s fl agged as poor qual i t y were convert edt o ‘NaN’i n Mat 1 ab. H ow ever,
compat i bl e wi t hecl assi fi cat i onal gori t hms,t he mi ssi ng val ues werel i nearl yi nt erp
previ ous and fol 1 owi ngi mage for each mi ssi ng val ue. Terra MODIS dat ai savai 1 abl e from Feb 2(
but wedeci dedt oappl yt hecl assi fi cat i onmet hodst ot he year 2008 onl y. Based on hi st ori cri
Whi t eNi | e,2008 wasat ypi cal yearwi t hout excessi veorl i mi t edfl ooded; t herefore, we b
compari ngcl assi fi cat i ont echni quesfort he Sudd.

Fromt he 7 spect ral bands, vari ous remot e sensi ngi ndi ces can be deri ved. Because w e are i nt erest ed i
fl ooded area, we deci dedt ouset he Normal i zed Di fference Veget at i onIndex (NDVI)whi chi sac¢
t he near i nfrared (N IR) and red bands and measures t he amount of veget at i on, and t he Normal i zed Di
Wet ness Index (ND WI) whi chi sacombi nat i onoft he green and short wavei nfrared (SWIR) bands and mc
t he amount ofmoi st ure (X u, 2006). The equat i onsusedt oderi vet hesei ndi cesareasfol 1 ows:

A maj orchal 1 engei ndet ect i ngfl ooded areas of wet 1 ands fromsat el 1 i t ei mageryi st hat t
dense veget at i on,andi t canbedi ffi cul t t odi st i ngui shbet weenveget at i on w heret he soi
veget at i onwheret hesoi 1 i1 sfl ooded. H ow ever, we hypot hesi zedt hat wecoul dseparat et heset



acombi nat i onoft he NDVIand ND WIi ndi cesandl ooki ngat t hei rt emporal t raj ect ori esve
intimeAtotal of46NDVIand ND WIi mages w ere deri ved for t he year 2008, and each i mage i s
pi xel gri d. Wi t hi nt he gri d, an asymmet ri cal area cent ered ont he wet 1 and w as chosen t o be
cl assi fi cat i on; t hi ssubset areacont ai ns 671,057 pi xel s. The 46 8-day composi t ei mages w ere av
and reducedt oaset of 12mont hl yi mages forbot ht he ND VIand N D WL

To provi deanal t emat i ve dat asourcei nst ead of t he 24 ND VIand ND WIi mages, w e used pri nci p
anal ysi s(PCA)t oreducet he di mensi onal i t yoft he dat a. By vect ori zi ngt he 241 mages, st acki
space, and performi ng a spect ral decomposi t i onoft hecovari ance mat ri ces,wecanreducet heful 1 t i1
a few 1 mages. We deri vedt he PC’s i n 2 di fferent ‘modes’: T-mode and S-mode. For T-mode, a mat ri x
const ruct ed, denot ed by X , w here each row represent sapi xel andeachcol umn represent sani mage. The val
t he covari ance mat i x, cal cul at ed by (Xv-hy¥ wu) st he mean of each row , represent t he magni t ude of
t he correl at i on bet ween t emporal t raj ect ori es of t he pi xel s. Therefore, t he ei genvect ors
covari ance mat ri X can be reconst ruct ed i nt oi mages, where pi xel swi t hsi mi 1| ar val ues have s
NDVIt emporal t raj ect ori es. The pri nci pal component s, or | oadi ngs, from t he spect ral decom
whi chmont hst he correspondi ngi mages are most appl i cabl eforexpl ai ni ngal argeamount ofvari a
For S-mode, amat ri xi sconst ruct ed w here each row represent s ani mage and each col umn represent sapi X
1 oadi ngs fromt he spect ral decomposi t i onoft hecovari ance mat ri X can be reconst ruct edi nt oi m
wit hsi mi I ar val ues have si mi 1 ar ND WI and ND VI val ues i n space. The correspondi ng ei geny
whi chmont hst hei magesare most appl i cabl e(Wi 1 ks, 2011).

The T-mode and S-mode PCA w as performed for eachi ndex’si ndi vi dual t i meseri es (121 mages each), as w
t he combi ned i ndi ces (24 i mages). The fi rst 3 ei genvect ors and 1 oadi ngs for each i t erat i on w
anal yzed. Theresul t s fromt he T-mode anal ysi soft hecombi nedi ndi cesareshowni nFi gure2andt h
i mages and 1 oadi ngsal ongwi t ht he amount of vari ance expl ai ned for each i mage are showni n Ay
Fi gure2,t hefi rst ei genvect orhi ghl i ght st he permanent 1 yfl ooded veget at i on,t he second hi g
openwat erbodi es,andt het hi rdi smuchnoi si erand moredi ffi cul t t oi nt erpret .Byanal yzi n;
mode and each i ndex, we deci dedt ot est ourcl assi fi cat i onal gori t hmont wo set s of PCA i m
(fromt hei ndi vi dual i ndex anal yses) consi st sof: t hefi rst T-mode component ofbot ht he NDV
second S-mode component oft he ND WI,andt het hi rd S-mode component oft he N D V L. The second set (fro
combi nedi ndi cesanal yses)consi st sof: t hefi rst t w o T-modecomponent sandt hefi rst S-mode com
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Fi gure2: T-m ode PCA Resul t sf rom Com bi ned Indi ces

Inordert ot rai nt hecl assi fi cat i onal gori t hmsand measuret hei raccuracy w e needed a set of grounc
accompl 1 shedt hi susi ng Googl e Eart hi mageryt oi dent i fy geographi c coordi nat es of 1 ocat i «
permanent 1 y fl ooded veget at i on, seasonal 1 y fl ooded veget at i on, and upl and veget at i on. From
fl ooded veget at i on we furt her di st i ngui shed papyrus, t ypha, and permanent 1 y fl ooded grassl an
seasonal | yfl ooded and upl and veget at i on,we furt herdi st i ngui shed bet w een grassl ands and hardw c
ofeachcl assi dent i fi edi nGoogl eEart hareshowni nFi gure3. Wei dent i fi ed 100 poi nt s for eack
t ot al of800dat apoi nt sforeachi mageandpri nci pal component .
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Fi gure3: Googl eEart h G round Trut h Cl ass Exam pl es
Methodology

Thecl ust eri ngandcl assi fi cat i onmet hodsweappl i edt ot hedat awerepresent edi nt he course
and bri efl y descri bed bel ow . We deci dedt o compare nonparamet ri c¢ and paramet ri caswel 1 as unsupe
supervi sed t echni ques. Robert compl et ed t he nonparamet ri c anal ysi s and Court ney compl et ed t
anal ysi s. For unsupervi sed cl assi fi cat i on, we st art ed wi t hcl ust eri ng met hods t o aut omat
uni que cl asses wi t hi nt he Sudd and t hen assi gned each pi xel t oacl ust er. Toal 1 ow for compari
unsupervi sed and supervi sed resul t s, we mat ched t he unsupervi sed cl ust erst o our pre-det ermi ned cl
t he geographi c coordi nat es of t he groundt rut h poi nt s and det ermi ni ng whi chcl ust eral i gned
t rut hcl ass most frequent 1 y. For supervi sed cl assi fi cat i on,t hecl assst at i st i cs were det e
t rut h dat a andt hen each pi xel was assi gned t o one of t hese cl asses. We al so experi ment ed wi t
cl assi fi cat i onapproacht hat combi ned supervi sed paramet ri c and nonparamet ri ct echni ques. The ac
met hod was det ermi ned usi ngt het ruecl assi dent i t yoft he groundt rut h poi nt s and count i
pi xel st hat werecorrect 1 ycl assi fi ed.

N onparametri c:

1. Unsupervi sedcl ust eri ngwi t hk-meansfol | owedbycl assi fi cat i on
The k-means al gori t hmi t erat i vel ycal cul at est he mean of a pre-defi ned number of cl ust e
eachpi xel 1 nt ot hecl ust ert hat i scl osest i nt ermsofaFEucl i deandi st ance measure. Fo
of NDWI, NDVIdat a,t he di st ance measure i s defi ned bel ow. Thei ni t i al means for eacl
chosen by usi ngt he val ueofarandoml ysel ect edpi xel wi t hi nt hei mage. The changei n't



bet ween 1 t erat i ons was used as a convergence cri t eri on. A cust om code was wri t t en i
i mpl ement t hi s procedure.
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2. Supervi sedcl assi fi cat i onusi ngmi ni mum Eucl i deandi st ancefromgroundt rut h means
The same di st ance measure w as used as defi ned i n t he unsupervi sed cl assi fi cat i on, except
it erat i vel ycal cul at i ngt hemeanofeachcl ust er,t he meanswerecal cul at edfromt he NI
val ues oft he groundt rut h poi nt s. The mean of each cl ass was cal cul at ed from 85 of t he 100 po
t he remai ni ng 15 poi nt s were used t o measure t he accuracy of t he cl assi fi cat i on; t hi s
t rai ni ngandval i dat i ondat aset sarei ndependent . A cust omcodewaswri t t eni nMat |

procedure.

Parametri c:

1. Unsupervi sedcl ust eri ngwi t hexpect at i onmaxi mi zat i on(EM)for Gaussi anmi xt uren
fol | owedbycl assi fi cat i on
Assumi ngt he NDWIL ND VI, and PC val ues of each 1 and cl ass are normal 1 y di st ri but ed-
i mage,wecanappl yt hi smet hodt odet ermi net hepost eri orprobabi 1 i t yt hat agi venj
cl ass. Each pi xel cant henbecl assi fi edby fi ndi ngt hecl asst hat correspondst ot he maxi
probabi | i t y. Theal gori t hmmaxi mi zest hel og-l i kel i hood funct i onoft hedi st ri b
whi chi sassumedt obeami xt ureof Gaussi andi st ri but i ons. Thewei ght soft hedi st ri |
t hemi xeddi st ri but i oncanbet hought ofast hepri orprobabi 1 i t i esand represent t he
t hat fal 1 wi t hi n each group. These wei ght s, al ong wi t ht he mean and vari ance of each
NDWIL NDVI and PC i mage are cal cul at ed i t erat i vel y. The di fference i nt he 1l og
bet weeni t erat i ons was used as a convergence cri t eri on. The i t erat i ve procedure for t he N
t 1 meseri escl assi fi cat i oni sdescri bedbel ow.Thei ni t i al wei ght swereset t o1/
mat 1i ces weret hei dent i t y mat ri x. The i ni t i al means for each NDWL NDVIi ma
sel ect edfromanormal di st ri but i onwi t hparamet erscal cul at edfromal 1 pi xel swi t

codewaswri t t eni nMat | abt oi mpl ement t hi sprocedure.
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2. Supervi sedcl assi fi cat i onusi ngl i neardi scri mi nant anal ysi s(LD A)andquadrat i cdi

(QDA)

Si mi 1 art ot he EM for GMM, weassumet he ND WI, ND V I, and PC val ues ofeachl andcl ass are
di st ri but ed wi t hi neachi mage. Agai n,we want t omaxi mi zet hej oi nt probabi 1|
(wei ght edbyt hei rpri ors); however,i nt hi sformul at i onweassumet hat t hest at i st
est 1 mat ed fromt he groundt rut hpoi nt s. Theopt i mi zat i onprobl emi st hent ofi ndt F
t hel og-l i kel i hoodoft heobservedj oi nt di st ri but i on.Ift hedi scri mi nant funct i c
t hel og-l i kel i hood funct i ons, of each cl ass (defi ned bel ow ) are set equal t oeachot her,t |
and PCval uest hat sat i sfyt heequat i onscanbeconsi deredt hedeci si onboundari es. Eachpi xe
cl assi fi edbywhi chsi deoft heboundaryi t fal 1 son.Ift hecovari ance mat ri ces are assumed t
al 1 cl asses,t hesi gmat ermsi nt he di scri mi nant funct i ons cancel out andt he resul t
boundary (hencet he namel i near di scri mi nant anal ysi s). Ift he covari ance mat ri ces are di ffe
cl ass,t hent he deci si on boundari es are quadrat i c. Thi scl assi fi cat i onwasi mpl ement e
‘cl assi fy’ funct i on.85out of 100 groundt rut hpoi nt sforeachcl asswereusedi nt hecl assi fi
remai ni ng 15 val uesw ereused forval i dat i onand measuri ng accuracy.

1

()= = Wo—H Z W +log( )

2-Stagecl assi fi cati onusi ng OD A and]l ogi sti cregressi onwi thl asso model sel ecti on

Wecameupwi t hafi nal cl assi fi cat i ont echni quet ot est basedont hei deat hat duri ngt
March,t he permanent 1 yfl ooded areas are easi est t odi st i ngui sh. Weused QDA t oobt ai nacl assi
mont h of March, usi ngbot ht he ND VIand ND WI val ues. Whi | et he permanent 1 y fl ooded areas w er
port rayed, t he al gori t hm performed poorl y when di st i ngui shi ng bet ween t he ri ver fl ooded a
grassl ands and hardw oods. Therefore w e i ndexed t he hardw ood and grassl and pi xel sandfi t al ogi st i ¢



model t ot he NDWIland ND VIval uesforal | mont hsofeachcl asst hat i ndi cat edt he probabi I
fl ooded by t he Ri ver. These model sarei 1 1 ust rat ed bel ow.Tot rai nt he model s,t heri ver fl ooc
grassl andswereset t oaval ueofl,andt herai nfl ooded pi xel swereset t o00. Weusedt he ‘1 assogl

Mat | abt o sel ect t he best paramet ers for fi t t i ng t he model , whi ch were det ermi ned by
paramet erst hat resul t edi nt he mi ni mum cross-val i dat i on error. Each grassl and and hardw ood pi x
cant hen be cl assi fi ed asbei ngri ver fl ooded orrai n fl ooded by cal cul at i ngt he probabi 1 i t yfi
and assi gni ngpi xel swi t haprobabi 1 i t ygreat ert han0.5t ot heri verfl oodedcl ass.

1

The set of reduced paramet ersresul t i ngfromt hel asso procedure w eret hén tsedat nachont he LD A and
QDA cl assi fi cat i ont oseei ft here wasasi gni fi cant changei n accuracy bet weent he reduced t
ful 1 t i meseri es.Ift heaccuracy measurei ssi mi 1 arforbot hdat ai nput s,t hent he di mensi onal
reducedt osavecomput at i ont i mei nfut urecl assi fi cat i ons.

Evaluation and Final Results

The resul t i ng accuracy of each cl assi fi cat i on t echni que and dat a set i s summari zed i n Tabl
percent age of correct 1 ycl assi fi ed pi xel sforeachcl assaswel 1 ast he average accuracy foral 1 cl ass
The abbrevi at i onsi nt het abl earedefi nedasfol 1 ows: RES=reservoi r(open wat er), PFG = perman
grassl and, PA P =papyrus, TY P =t ypha, RFG =ri verfl ooded grassl and, PG =peri met er grassl and (rai nfl
RFH =ri verfl ooded hardw ood, and PH =peri met er hardw ood (rai nfl ooded).

Data Used in Classification RES PFG PAP TYP RFG PG RFH PH Average
) NDWI, NDVI Full 0.61 0.97 0.87 0.29 0 0.62 0.78 0.21 0.62
Unsupervised
e PCA Comb 0.84 0.82 0.93 0.37 0.38 0.42 0.57 0 0.54
-Means
" PCA Indiv 0.32 0.53 0.63 0.43 0.46 0 0.45 0.05 0.37
Nonparametric
Supervised |NDWI, NDVIFull 0.67 1.00 1.00 1.00 0.40 0.87 0.87 0.87 0.84
Euclidean |PCA Comb 0.67 1.00 0.67 0.20 0.40 0.60 0.23 0.53 0.35
Distance PCA Indiv 0.07 0.53 0.73 0.33 0.23 0.00 0.60 0.07 0.23
;. NDWI, NDVI Full 0.98 0 0.91 0 0.73 0.90 0 0.89 0.55
Unsupervised
PCA Comb 0.97 0 1.00 0 0.81 0.48 0 1.00 0.53
EM for GMM 5
PCA Indiv 0.98 0 0.98 0.03 0.60 0.75 0 0.98 0.54
NDWI, NDVI Full 0.93 1.00 1.00 1.00 0.60 0.87 0.93 0.67 0.88
Supervised |NDWI, NDVIRed 0.93 1.00 1.00 0.93 0.67 0.87 0.87 0.60 0.86
Parametric LDA PCA Comb 0.80 1.00 1.00 0.53 0.40 0.73 0.60 0.33 0.68
PCA Indiv 0.80 1.00 1.00 0.47 0.40 0.73 0.60 0.40 0.68
NDWI, NDVI Full 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Supervised |NDWI, NDVIRed 1.00 1.00 1.00 1.00 1.00 1.00 0.93 1.00 0.99
QDA PCA Comb 1.00 1.00 1.00 0.47 0.53 0.93 0.80 0.73 0.81
PCA Indiv 1.00 1.00 1.00 0.40 0.47 0.87 0.80 0.73 0.78
Mixed Log. Reg. NDWI, NDVI Red 0.93 0.88 0.56 0.86 0.48 0.96 0.87 0.81 0.84

Tabl el: Sum m ary of Cl assi f i cat i on Accuracy



Fromt hel ogi st i cregressi on model wi t h model sel ect i on performed wi t ht hel assot echni
i ndi ces and mont hs were consi deredt o bet he best reduced paramet er set : N D WI val ues for mont h
May, Sep, and O ct , and N D V I val ues for mont hs Jan, Feb, Mar, May, Jun, Jul , Sep, O ct , and D ec. The devi a
measure and t he opt i mal sel ect i on of t he regul ari zat i on paramet er for t he grassl and and hardw
i 11 ust rat edi n Fi gure 4. The green 1 i ne showst hel ambda val ue wi t ht hat correspondst o't

cross-val 1 dat i onerror,andt hebl uel i ne correspondst ot hel ambdaval uewi t ht he mi ni mum c
one st andarddevi at i on.Si ncewewerei nt erest edi nreduci ngt henumber of paramet ersi nt he model
| ambdat hat i nt ersect st hebl uel i ne. The paramet ers associ at edwi t ht heseopt i mal 1 ambd
and chosenast hereducedt i meseri esof ND Wland N D V Ival ues.

Deviance from Logistic Regression with Lasso for Grasslands Deviance from Logistic Regression with Lasso for Hardwoods
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Fi gure4:Opt i mi zat i onof regul ari zat i onparamet erf orl ogi st i cregressi onn
Al 1 oft hefi nal cl assi fi ed i mages are showni n A ppendi x B, and a few are i ncl uded here for di
fol 1 owi ngi s asummary of our mai n observat i ons and concl usi ons from anal yzi ngt hecl assi fi ed

accuracy percent agesl i st edi nTabl e l:

I. NDWLNDVIt i meseri esversuspri nci pal component s

Foral 1 cl assi fi cat i onmet hods,t he NDWIland NDV It i meseri esasi nput dat aresul t

percent ages as compared t ot he PC combi nat i ons. In addi t i on, t he PC’s deri ved from t he ¢
NDWL NDVI dat a set performed sl i ght 1 y bet t er t han t he PC’s deri ved from t he ND}
i ndi vi dual 1 y.Si ncet here are many w ayst he PC’s can be combi ned,t hecl assi fi cat i onal ¢
performed on more combi nat i ons (t hanj ust t he 2 set spresent ed here)andt he opt i mal combi

be det ermi nedbyt heresul t wi t ht hehi ghest accuracy. H ow ever, based ont heseresul t swe
t he NDWLNDVIt i meseri esdat aresul t si nasuperi orcl assi fi cat i on.

2. Ful 1 NDWILNDVIt i meseri esversusreduced ND WILND VIt i meseri es
The cl assi fi cat i ons resul t i ng from t he reduced t i me seri es (14 i mages) had nearl y i der

measures as comparedt ot heful 1 t i me seri es (241 mages). Therefore, w e concl udet hat usi ngt



1

t 1 meseri esi sapreferredal t ernat i vei nordert oreducet het i merequi red for dow nl oadedt
pi xel swi t hqual i t ycont rol i ssues,deri vi ngt hei ndi ces,andfi nal 1 y,appl yi ngt he

U nsupervi sed versus Supervi sed Cl assi fi cat 1 on

The supervi sedcl assi fi cat i on performed much bet t ert hant he unsupervi sedcl assi fi cat i on
from Tabl e 1, many of t he cl asses had a cl assi fi cat i on accuracy of 0,1 ndi cat i ngt hat t he
ent i rel y.Toi 1 1 ust rat et hi sresul t ,t hefi nal cl ust er means det ermi nedwi t ht he
t he NDWLNDVIt i meseri esare comparedt ot he means cal cul at ed fromt he groundt rut hy
mont h of Sept emberi nFi gureS5.Inaddi t i on,t heresul t 1 ngcl assi fi edi mage fort hi si
Fi gure6.Not et hat t hese Fi guresareconsi st ent wi t ht heaccuracyreport edi nt het abl e;
t rut h pi xel s were correct 1 y cl assi fi ed for t he ri ver fl ooded hardw oods (RFH ), t ypha
permanent 1 y fl ooded grassl ands (PFG ) andt hese cl asses are not represent edi n Fi gure 6. In addi
cl ust ermeansi n Fi gure 5 are rel at i vel y far from t he ground t rut h means for t hese cl asses.
addresst hi si ssue,wecoul di ncreaset he number of cl ust erst obei dent 1 fi edandt henredi
our ground t rut h cl asses; how ever, we bel i evet he supervi sed cl assi fi cat i on met hod w ot
superi orcl assi fi cat i on accuracy.

Paramet ri ¢ versus N onparamet ri ¢ Cl assi fi cat i on

The paramet ri c cl assi fi cat i on procedures resul t ed i n hi gher 1 evel s of accuracy. Thi s i nd
ground t rut h cl asses have di fferent magni t udes of vari ance, whi ch shoul d be account ed fo
cl assi fi cat i on. Addi t i onal 1 yt he hi gher accuracy support st he assumpt i ont hat t he
val uesarenormal 1 ydi st ri but edwi t hi neachi mage.

LD A versusQDA
Whi 1 et he QDA «cl assi fi cat i on resul t s i n a hi gher accuracy t han t he LD A ¢l assi

overfi t t 1 ngt hegroundt rut hdat a. Theresul t i ngcl assi fi edi mages are showni n Fi gure
not et hat t he LD A i mage appears more homogenous and has 1 ess speckl e, whi chcoul di ndi cat
cl assi fi cat i on.Inordert oexpl oret hi sfurt her, wecal cul at edt het ot al area of permanent
and seasonal 1 y fl ooded wet 1 and from t he QDA and LD A resul t s and compared t hem t o
det ermi ned from t he aeri al i magery st udy compl et ed i nt he earl y 1980’s (Tabl e 2). Bas
compari son,webel i evet he LD A cl assi fi cat i oni ssuperi ort ot he Q DA ,event hought he

usl ow er.
1980°’s A eri al Imagery QDA Resul t s LD A Resul t s
Permanent 1 yFl ooded A ré) (kin 15,000 12,054 16,260
Seasonal 1 yFl ooded A réj (km 30,000 56,978 34,866

Tabl e 2: Com pari sonof Fl ooded Areas

Performance of t he 2-St _agecl assi fi cat 1 on

Thi s cl assi fi cat i ont echni que performed wel 1 , wi t h an average accuracy of 84%; how eve
underest i mat edt he area ofrai nfl ooded grassl and (RFG).O veral 1 ,t he accuracy w as very si mi |



t he supervi sed Eucl i deandi st ancecl assi fi cat i on. Thi sresul t seemsl ogi cal consi deri
i sal soasupervi sednonparamet ri ccl assi fi cat i onmet hodi nt hi si nst ance.

Aft er i mpl ement i ng and revi ewi ng al 1 of t he cl assi fi cat i on met hods, we bel i eve t h:
cl assi fi cat i ont echni que shoul dappl i edt ot hereducedt i me seri es of ND WI and N D V I mont
obt ai nt heext ent ofseasonal fl oodi ngfort he Sudd Wet 1 and. A si mi | aranal ysi st ot he one pre
coul dbeappl i edt oal 1 years where MODIS dat ai s avai | abl e (2000 — present )t o deri ve a ful
fl oodi ngext ent s.
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K-means Full Time Series Classified Image
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K-means PCA Comb(Classified Image
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Supervised 'k-means' PCA Indiv Classified Image
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LDA Classified Image Full Time Series
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LDA Classified Image Reduced Time Series
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LDA Classified Image PCA Individual
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