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Figure 1 1 Map of north-eastern South America.



Figure 1.2 Landsat TM false colour composite (full scene: 185 km * 185 km) of the
Manaus region of 8 August 1991.

Figure 1.3 Landsat TM false colour composite of the project region (58.62 km *
67.53 km).
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Table 1.1 Geographical coordinates of the project region.

degrees
West

minutes
West

seconds
West

degrees
South

minutes
South

seconds
South

60 17 59.29 2 48 4.53

59 46 24.11 2 52 39.42

59 54 13.40 3 29 21.38
60 25 47.20 3 24 47.95
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Figure 2.1 Geological formations in the region of Manaus (adapted from
MME/DNPM 1978).
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Figure 2.2 Total annual precipitation in the Amazon basin. Annual isohyets in
millimetres. Shaded areas: altitude above 500 metres. (Salati, E. and
Marques, J. 1984).

Figure 2.3 Annual rain distribution in the Amazon basin. Monthly averages at
selected stations (Salati, E. and Marques, J. 1984).
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Figure 2.4 Average monthly water level of the Rio Negro / Amazon river at Manaus
and mean precipitation in the Manaus area (1975-1979) (Junk, W.J. and
Furch, K. 1985).
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Figure 2.6 Nature and properties of Amazon soils (Furley 1990).

E3p

Key Brazilian soil classification Soil taxonomy

LA Yellow Latosol Oxisol
LV Red Yellow Latosol (Red Yellow Podzol) Oxisol
LE Dark Red Latosols and Reddish Brunizem Oxisol

soils
PVI Red Yellow Podzol (Red Yellow Latosol) Ultisol
PV2 Red Yellow Podzol and Plinthosol Oxisol
PVe Eutrophic Red Yellow Podsol, and Alfisol

Eutrophic Cambisol (Terra Roxa
Estruturada)

CL Concretionary Laterite Oxisols or Ultisol
TE Terra Roxa Estruturada and Red Latosol Allisol

(Red Yellow Eutrophic Podzol)
Ce Eutrophic Cambisols and Eutrophic Red Alfisol

(Yellow Podzol)
P Plinthosols (Hydromorphic Gleys) Inceptisol or Entisol
PH Hydromorphic Podzol and Quartz Sands Inceptisol or Enlisol

(Red Yellow Podzol)
AQ Quartz Sands (Hydromorphic Podzol) Entisol
HG Hydromorphic Gleys Inceptisol or Entisol
SM Mangrove Soils Entisol
R Lithosol (rock outcrops) Entisols
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Figure 3.2 Whitewater floodplain geomorphology and vegetation. Landsat Thematic
Mapper 8-August-1991.

1: Shrub vegetation in backswamp basins (class 1.4b).
2: Closed forest (climax community) on second order deposits (class

1.6a).
3. Agriculture and agroforestry on high-lying levees (class 1.7).
4: First order deposits with different stages of early forest succession.
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Figure 3.3 Water gauge above sea level at Manaus harbour and average, minimum,
and maximum duration of inundation in the Manaus region (calculated as
average values for the period 1.1.1903 - 31.12.1982; from Junk 1989a).
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Figure 3.4 Schematic cross section through the valley of the middle Amazon river
(from: Sioli, 1984).

J Valley of the Amazon 1

'Barrelras'-Sedlments Terrains of recent alluvia ('vdrzea') 'Barrelras'-Sedlments

Hlghwater level

Lowwater level

Figure 3.5 Schematic view of aquatic plant habitats and communities in the middle
Amazon floodplain. 1: river channel; 2: low-lying channel bar; 3: low-
lying flat; 4: swale; 5: river shore; 6: lake shore; 7: habitat with minor
water level variations; 8: levee (restinga) (from: Junk, 1986).
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Figure 3.6 Floodplain of the lower Rio Solimoes. A forest area of rough texture can
be seen at the centre of the image. This area represents closed forest of
the climax stage (class 1.6b) with tall emergents and large gaps (this area
is shown in Photo 3.1; photo taken at the day and hour of TM image
acquisition). At the time of the Landsat image acquisition (9.45 am local
sun time) the gaps are in shadow. This and the tall emergents are causing
the 'rough' texture. North of the area of climax forest is an area of open
forest (class 1.5) (this area can be seen in Photo 3.5; photo taken at the
day and hour of TM image acquisition). The Landsat image appears very
'smooth'. The low texture can be explained from the structure of the
upper canopy that lacks both tall emergents and gaps. The same area as
depicted in Photos 3.1 and 3.5 can be seen from a higher altitude in Photo
3.3. The difference in canopy roughness and texture between the two
vegetation types is obvious. The example demonstrates that texture in
Landsat TM images can provide important information for mapping
forest communities.
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Figure 3.7 Block diagram showing soil-topography relationships in terra firme
regions: development of podzol soils (from: Chauvel et al., 1987).
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Figure 3.8 Landsat TM false colour composite (red: band 4, green: band 5, blue:
band 3) of an area of terra firme vegetation on sediments of the Barreiras
formation. Tall forest on plateaux (class 3.1) appears in green with a
grainy texture. Hydromorphic campinarana forest (class 3.3) appears in a
bluish-green tone. The forest in depressions appears in a colour
intermediate between the two previous classes. Forest on the alluvial
soils of river floodplains (class 3.2) appears distinctly in red.
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Table 3.1 Projeto Radam vegetation classes of the Manaus region (MME/DNPM
1978).

SUBCLASSES DE FORMACAO GRUPOS DE FORMACAO FORMAC0ES SUBFORMAC0ES

Floresta
Densa

Tropical
■Frt-

Aluvial

Planfcies inund4veis
Cobertura uniforme

Cobertura emergente

Terracos
Cobenura uniforms

Cobertura emergente

Terras Baixas
Baixos Platos

Cobertura uniforme

Cooertura emergente

Relevo dissecaco em colinas
Cooertura unitorme

Cobertura emergente

Reievo dissecaoo em cristas Cooertura emergente

Relevo ondulado Cobertura emergente

Submontana
(Embasamanto at$ 600 ml

Baixas caaeias ae montannas Cobertura emergente

Outeiros e connas

Cobenura uniforme

Cooertura emergento

Relevo dissecaao

Cobertura uniforme

Cobenura emergente

Relevo ondulado Cobenura emergente

Submontana
'Plataforma ate 600 ml

Alto platd Cobenura emergenta

Relevo dissecaoo Cooenura emergente

Relevo onduiado Cobenura emergente

Floresta Aberta

Trooical
•F>

Aluvial

Planicies munoaveis Com paimeiras

Planicies munoaoas ilgapo)

Terracos Com paimeiras

Terras Saixas
Relevo tabular Com paimeiras

Relevo dissecaoo j Com paimeiras

Suomontana
(Emoasamento ate 600 ml

Relevo dissecaoo Com paimeiras

Relevo ondulaoo Com paimeiras

Campinarana
Arbdrea

Densa
-Cd-

Aluvial
Ptanicies

Terracos

Pluvial

Relevo taouiar

Relevo dissecado

Relevo onduiado

Campinarana

Aluvial
Planicies

Terracos Com paimeiras

Aberta
-Ca-

Relevo dissacado

Pluvial Relevo ondulado

Oeoressdes penodicamante inundadas Com paimeiras

Campinarana

PlanlciM Com paimeiras

Terracos
Arbustiva
(Campina)

-Cb-

Relevo tabular

Depresses periodicamente inundadas Com paimeiras

Campinarana Gram moo-Lannosa

■Cg-
Pluvial Depressdes periodicamente inundadas



Table 3.2 Brazilian vegetation classification system proposed by Veloso et al.
(1991).
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Table3.3
to

Vegetationclassificationsystemproposedformappingfromhighresolutionsatellitedata
Vegetationformations

Eco-climatic regions

Geo-ecological formations

Parameters Scaleoffeatures Datasourceand analysistechnique usedformapping Mapscales Example

climate,relief

geology,geomorphology, hydrology

vegetatiopn physiognomy (e.g.closed forest,open forest, shrubland, herbaceous vegetation)

local environmental conditions(e.g. topography,soils, hydrology)

continental(>10km)
regional(1-100km)

local(10-1000m)

lowresolutionsatellite data,climaticdata, digitalterrainmodels
visualinterpretationofhigh resolutionsatellitedata(e.g. LandsatTM,SPOTHRV)

visualinterpretationordigital classificationofhighresolution satellitedata(e.g.LandsatTM, SPOTHRV)

reconnaissancelevelfieldsurveysandacquisitionofobliqueairphotographyarerequiredto supporttheinterpretationofthesatellitedata
mapscales< 1:1,000,000

mapscalesof1:50,000-1:1,000,000
centralAmazon lowlands

terrafirmeregions
terrafirmeforestonplateauxwith tallemergentsandgaps

Plant associations speciesthat characterisethe occurrenceofa vegetation formationina specificlocation individualplots Eschweileraodora



Table 3.4

Vegetationformations of the Manaus region

Geo-ecological formation Vegetation formation

1. Whitewater floodplains 1.1. Floating meadows
1.2. Aningal
1.3. Varzea pasture
1.4. Shrub vegetation: early succession

(a) Shrub vegetation on levees
(b) Shrub vegetation in depressions

1.5. Open forest: intermediate succession in depressions
1.6. Closed forest

(a) Late succession
(b) Climax community

1.7. Agroforestry systems on restingas

2.2. Shrub vegetation of sand dunes
2.3. Aningal
2.4. Shrubs and low open forest
2.5. Closed forest

2.6. Disturbed forest

3.2. Forest on alluvial soils of river floodplains
3.3. Hydromorphic campinarana forest
3.4. White-sand vegetation

(a) Campinarana
(b) Campina

3.5. Secondary vegetation
(a) Secondary vegetation on argyllic soils

(al) Forest
(a2) Herbaceous vegetation

(b) Secondary vegetation on white-sand soils
3.6. Grassland

(a) Natural savanna

(b) Pasture

2. Blackwater floodplains 2.1. Grassland

3. Terra firme regions 3.1. Tall terra firme forest on plateaux



Table3.5 CharacteristicsofsuccessionalstagesinvarzeaforestsinthevicinityofManaus(adoptedfromWorbesetaL1992) Successionalstage

Pioneer

Earlysecondary

Latesecondary

Climax

Foresttype

Salix

Cecropia

Pseudobombax

Piranhea

Additionaldominanttaxa

Bonafusia

Crataeva,Vitex

Ilex,Laetia

Pterocarpus,Manilkara

Maximumageofdiestand[years]

5-20

<50

<80

>400

Life-spanofdominantspecies[years]

20

50

80

>400

Standheight[metres]

3-17

<20

<30

35

Numberofspeciesperhectare

3-6

<60

<60

>100



Table 3.6

Closedforest ofWhitewaterfloodplains: late succession and climax stage
Treesforming the upper canopy.

bibliographic reference 1 1 1 1 2 3

area code 4 5 6 10 11 12

elevation [metres] 23.5-24.5 23-24 24-25 23-25 23 25-26
mean annual inundation [days/year] 175 185 160 160-200 183-232 110-160

inventory size [ha] 0.76 0.21 1 summary 0.21 n.a.

trees surveyed above dbh dbh>5cm dbh>5cm dbh>5cm dbh>5cm dbh>5cm n.a.

Species

Andira retusa X

Apeiba echinata X

Calophyllum brasiliense X

Cecropia sp. x (gaps)
Clavija sp. X

Cordia sp. X

Couroupita guianensis X

Crataeva benthamii X X x (23-28m)
Eschweileira sp. X x (23-28m)
Ilex inundata X

Ilex sp. x (23-28m)
Inga sp. X

Labatia glomerata X

Laetia corymbulosa X X

Licania apetala X

Luehea sp. X X x (23-28m)
Macrolobium acaciifolium X

Macrolobium sp. X

Manilkara sp. x (35m)
Ocotea barcelensis X

Olmediophaena maxima X

Parkia sp. X

Piranhea trifoliata x (35m) X

Pseudobombax munguba x (28m) x (gaps) X x (23-28m)
Pterocarpus amazonum x (35m) x (23-28m)
Swaitzia sp. x (23-28m) X

Tabebuia barbata X

Tachigah paniculata X

Triplaris surinamensis X x (23-28m) X

Vatairea guianensis X

Vitex cymosa X X

Xylopia sp. X

Bibliographic references:

1: Worbes et al. (1992)
2: Worbes (1983)
3: ORSTOM and INPA (1988)

Area codes:

4: llha da Marchantaria, near central lake
5: llha da Marchantaria, near central lake
6: Costa de Marrecao, Rio Solimoes
10: 150 km upstream and downstream of Manaus
11: llha da Marchantaria, near central lake
12: Western part of llha do Careiro



Table 3.7

Closedforest ofWhitewaterfloodplains: late succession and climax stage
Frequent, abundant, dominant, high IVI trees.

bibliographic reference 1 1 1 2 3 4 5 5 6

area code 4 5 6 11 16 13 14 14 15

elevation [metres) 23.5-24.5 23.0-24.0 24.0-25.0 23 n.a. (<24) 25-26 above 25 22-23 n.a.

mean annual inundation [days/year] 175 185 160 183-232 n.a. (>175) 140 <=140 230 n.a.

inventory size [ha] 0.76 0.21 1 0.21 n.a. 15*1 n.a. n.a. 4 * 0.25

trees surveyed above dbh dbh>5cm dbh>5cm dbh>5cm dbh>5cm n.a. dbh>5cm n.a. n.a. n.a.

characteristic IVI or fre. IVI or fre. IVI or fre. frequent charact. high IVI n.a. n.a. charact.

Species

Acosmium nitens X

Alchomea castaneaefolia X

Alchomea discolor X

Aspidosperma carapanauba X

Astrocaryum jauari X X

Bonafiisia sp. X

Bowdichia virgilioides X

Buchenavia macrophylla X

Calycophyllum spmceanum X

Carapa guianensis X

Casearia aculeata X X X

Casearia grandiflora X

Cassia leiandra X

Cecropia latiloba X X X

Ceiba pentandra X X X

Cordia sp. X

Couroupita guianensis X X

Crataeva benthamii X X X X X X

Crescentia amazonica X X X

Erythrina glauca X

Eschweileira sp. X X

Euterpe oleracea X

Ficus anthelmintica X X

Genipa americana X X

Guazuma ulmifolia X

Gustavia augusta X X

Hevea brasiliensis X

Hevea spruceana X

Holopyxidium jarana X

Hura crepitans X X X

Hymenaea coubaril X

Ilex inundata X

Ilex sp. X

Inga cinnamomea X X

Inga sp. X

Labatia glomerata X

Laetia corymbulosa X X X

Lecointea amazonia X X

Licania heteromorpha X

Licania kunthiana X

Licania sp. X

Luehea sp. X X X

Machaerium leiophyllum X

Macrolobium acaciifohum X X X

Macrolobium angustifolium X

Malouetia furfuracea X

Manilkara amazonica X

Manilkara huberi X

Manilkara sp. X

Mauritia flexuosa X

Mimusops paraensis X

Nectandra amazonum X X X X X

Neoxythece sp. X X

0cotea cymbarum X

Olmediopereba sclerophylla X

Onychopetalum amazonicum X

Pachira aquatica X

Piranhea trifoliata X X X X X

Pithecellobium inaequale X X X

Pseudobombax munguba X X X X X X X

Pseudoxandra sp. X X X
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Psidium acutangulum X X

Pterocarpus amazonum X X X X

Rhecdia brasiliensis X

Rollinia exsucca X

Simaba guianensis X

Sloanea porphyrocarpa X

Sorocca duckei X X X

Spondias lutea X

Sterculia clata X

Swartzia sp. X

Tabcbuia barbata X X X X

Tachigali sp. X

Tapura amazonica X X

Trichilia singularis X X

Triplaris surinamensis X X X

Unonopsis guatterioides X

Vatairca guianensis X X

Virola surinamensis X

Vitex cymosa X X X X

Zanthoxylum compactum X X

Zollemia paraensis X

Bibliographic references:

1: Worbeset al. (1992)
2: Worbes (1983)
3: ORSTOM and INPA (1988)
4: Klingeetal. (1990)
5: Junk (1989a)
6: dos Santos et al. (1983)

Area code:

4: Ilha da Marchantaria, near central lake
5: Ilha da Marchantaria, near central lake
6: Costa de Marrecao, Rio Solimoes
11: Ilha da Marchantaria, near central lake
13: Lower Rio Solimoes
14: Ilha do Careiro (Lago do Rei), Ilha de Marchantaria, Janauaca area
15: South of Careiro, southern shore of Rio Solimoes
16: Ilha do Careiro



ro

an

Table3.8 Vegetationonthebanksofblackwaterrivers PraiaGrande,45kmupstreamofManausonthesouthernshoreoftheRioNegro(Revilla1981). sandysoils

abundant

argyllicsoils,longinundation
abundant

argyllicsoils,intermediateinundation
abundant

vegetation

dispersed,discontinuous

continuous,uniform

continuous,uniform

uppercanopyheight[metres]

<12metres

<15metres

<15metres

herbstratum

Borreriacapitata

X

Cyperussp.

Tococasubciliata

X

middlestratum

Myrciariadubia

X

Eugeniainundata

Leopoldiniapulchra

X

Crotonsp.

X

Crotonsp.

Licaniaapetala

X

Dalbergiainundata

Ruprechtiatenuifolia

Eugenialongiracemosa

X

Himatanthusattenuatus

Burdachiaprismatocarpa

X

upperstratum

Pithecellobiumadiantifolium
X

Tococasubciliata

X

Licaniaapetala

X

Couepiaparaensis

X

Burdachiaprismatocarpa

X

Amorphospermumschomburglcianum

Campsiandracomosa

Eugeniateffensis

Acosmiumnitens

EugeniatefTensis

Leopoldiniapulchra

X

Campsiandracomosa

Eugenialongiracemosa

X

Panopsisrubescens

Licaniaapetala

X

Durciavolutina



Table 3.9

Closedforest ofblackwaterfloodplains
Abundant, dominant trees, and trees

forming the upper canopy.

bibliographic reference 2 8 7

area code 19 18 17

elevation [metres] 23.3 n.a. n.a.

mean annual inundation [days/year] 155 - 199 150-180 n.a.

inventory size [hectares] 0.21 n.a. n.a.

trees surveyed above dbh dbh > 5cm n.a. n.a.

upper canopy height [metres] 23-28 <35 < 18

Species

Aldina latifolia u d(47) u u

Blastemanthus grandiflorus a(20.2)
Caraipa grandiflora a(9.3)
Duroia velutina a(11.6)
Erisma calcaratum u u

Franchetella crassifolia a(19.2)
Neoxythece elegans a(9.3)
Parkia auriculata u u

Sclerolobium aff. odoratissimum u a(5.4)
Sclerolobium hypoleucum ua(ll.l)
Swartzia poliphylla u

Tabebuia barbata u

a : abundant, frequent (percent)
d : dominant (percent)
u : upper canopy

Bibliographic references:

2:Worbes (1983)
7: Revilla (1981)
8: Adis (1984)

Area code:

17: Praia Grande, Rio Negro
18: Manaus region
19: Igarape Taruma Mirim
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Table 3.10

Tall terra firmeforest on plateaux.
Abundant, dominant trees, and treesforming the upper canopy.

bibliographic reference 6 9 9 10 10 11

area code 15 20 20 21 21 22

inventory size [hectares] 1 1 1 8 8 n.a.

total number of trees 76 350 350 n.a. n.a. n.a.

total number of species 25 179 179 324 324 n.a.

trees surveyed above dbh 25 cm 15 cm 15 cm 20 cm 20 cm n.a.

included trees >=2/76 >=1.43% > 25 m >=1.6% >=1.8% >=35 m

Species

Andira unifoliolata u

Aspidospermum oblongum d(1.8)
Brosimum utile u

Calophyllum angulare u

Cariniana micrantha u

Caiyocar pallidum u

Cedrelinga catenaeformis u

Clarisia racemosa •(2.6)
Copaifera multijuga u

Corythophora alta a(4.3) d(3.6)
Corythophora rimosa a(1.7) u

Couratari guianensis u

Dinizia excelsa u

Diplotropis purpurea a(2.6)
Duckeodendron cestroides a(1.7) u

Endopleura uchi a(3.9)
Eperua bijuga a(2.0) a(1.7)
Eschweileira amara u

Eschweileira odora a(10.5) a(7.4) •(7.1) d(5.0)
Eschweileira sp. u a(1.9) d(2.2)
Ficus insipida a(3.9)
Goupia glabra a(2.6) u

Guatteria poeppigiana a(9.2)
Hevea guianensis •( 1.8) u

Holopyxidium jarana a(6.6) u

Holopyxidium latifolium a(1.7)
Holopyxidium sp. u

Inga alga a(2.6)
Laetia procera u

Lecythis paraensis
Licania heteromorpha a(9.2) u

Licania longistyla u

Licaria aurea u

Licaria sp. u

Miconia surinamensis a(2.6)
Micrandropsis scleroxylon a(5.3) d(4.4)
Minquartia guianensis u

Mouriri sp. u

Mouriri torquata u

Nectandra rubra u u

Neea cf. altissima a(1.4)
Neea sp. a(l-4) u

Oenocarpus bacaba a(2.3)
Osteophloeum platyspermum u
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Peltogyne paniculate u u

Piptedenia suaveolens 6(1.9)
Pouteria sp. a(3.9)
Protium apiculatum a(2.8) 6(1.8)
Protium palidum a(25.0)
Protium paraense u

Protium sp. •(1.7)
Qualea albiflora u

Qualea paraensis u

Qualea sp. u

Radlkoferella sp. a(2.3) 6(2.3)
Sacoglottis matogrossensis u

Sacoglottis sp. •(1.6) 6(1.8)
Scleronema micranthum a(2.6) u 6(1.9)
Sloanea guianensis a(1.7)
Swaitzia reticulate A)
Tabebuia incana u

a : relative abundance

d : relative dominance

u:upper canopy

Bibliographic references:

6: dos Santos et al. (1983)
9: Prance et al. (1976)
10: da Silva Jardim & Hosokava (1986/87)
11: Guillaumet (1987)

Area codes:

15: South of Careiro, southern shore ofRio Solimoes
20: Manaus - Itacoatiara road

21: Estacao Experimental de Silvicultura Tropical de INPA
22: North ofManaus
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Table3.11 VegetationformationsoftheManausregion:structureandecology Geo-ecological formation

Vegetationformation

Structure

Characteristicsof uppercanopyin August1991

Approximate heightofupper canopyinmetres
Ageof oldest trees

Habitatcharacteristics
Average durationof seasonal flooding

1.Whitewater floodplains

1.1.Floatingmeadows

Floatingherbaceousvegetationdominatedby grasses.Noshrubsortrees.

Low-lyingareasundergoingprolonged flooding.Mainriverchanneland floodplainlakes.

verylong

1.2.Aningal

Aquaticherbaceousvegetationwithislandsof Montrichardiaarborescensandsomeshrubsortrees.

Low-lyingareasundergoinglong flooding.Lakebasins.

long

1.3.Varzeapasture

Floodtolerantgrasseswithsomeshrubsortrees.

Intermediateleveltohigh-lyingareas.
intermediate- short

1.4.Shrubvegetation:earlysuccession (a)Shrubvegetationonlevees

Relativelydensevegetationformedbyshrubsand
lowtrees.

Opentoclosed.

2-5

<20years

Leveesformedbyrecentlydeposited sediments.

intermediate- short

(b)Shrubvegetationindepressions
Relativelyopenshrubvegetationwithadense herbaceouslayer

Open

2-5

<20years

Depressions(lakebasins,swales,old riverarms)

long- intermediate

1.5.Openforest:intermediatesuccessionindepressions
Openforestwithadenseunderstoreyofshrubsand herbaceousvegetation.

Palmsand(semi-)deciduous treesfrequentintheupper canopy.

15-20

<40years

Depressions.

intermediate

1.6.Closedforest (a)Latesuccession

Closedcanopywithneitheremergentsnorgaps.
No(semi-)deciduoustrees. Nopalms.

15-25

<80years

High-lyingdepositsofintermediateage.
short

(b)Climaxcommunity

Closedcanopywithemergentsandgaps.
Few(semi-)deciduoustrees. Nopalms.

25-35

several hundredyears
High-lyingstabledeposits.Firstand secondorderdeposits.

short-veryshort

1.7.Agroforestrysystemsonrestingas
Small-scalemosaicofvegetablegardens,fruittrees, rubberplantations,palmplantations,etc.

High-lyingdepositsnearthemainriver channels.

short-veryshort

2.Blackwater floodplains

2.1.Grassland

Grasslandwithsomepalmsortrees.

High-lyingareas.

2.2.Shrubvegetationofsanddunes
Open,lowshrubvegetation.

2.3.Aningal

Aquaticherbaceousvegetationwithislandsof Montrichardiaarborescensandsomeshrubsortrees.

Low-lyingdepressions.

2.4.Shrubsandlowopenforest

Opentodensevegetationofshrubsandlowtrees.

5-10

Lowtointermediateposition(lake basins,rivershores)

2.5.Closedforest

Closedforest.

20-30

Intermediatetohighposition.

2.6.Disturbedforest

Openlowforest.

5-10



3.Terrafirme regions

3.1.Tallterrafirmeforestonplateaux
Closedcanopywithemergentsandgaps.
Nopalms.Some(semi-) deciduoustrees.

25-35

Plateauxformedoftertiarysediments. Soilsargyllictosandy.

3.2.Forestonalluvialsoilsofriverfloodplains
Closedtoopenforest

Largenumberofpalms.

15-25

Floodplainsofsmallerriversundergoing irregularflooding.

3.3.Hydromorphiccampinaranaforest
Closedforestwithoutemergents.

15-30

Valleysanddepressions.

3.4.White-sandvegetation (a)Campinarana

Closedforestwithoutemergents

10-20

Slopesanddepressions.

(b)Campina

Openshrubvegetation.

2-5

Slopesanddepressions.

3.5.Secondaryvegetation (a)Secondaryvegetationonargyllicsoils
Allstructuraltypesfromweedstoclosedforest
Verysmoothcanopyin Cecropiastands.

10-20

Mostlyonplateaux.

(b)Secondaryvegetationonwhite-sandsoils
Openshrubsandtrees

3.6.Grassland (a)Naturalsavanna

Grassland

(b)Pasture

Grasslandwithsomeweeds,shrubs,ortrees.

Mostlyonplateaux.



Table3.12 VegetationformationsoftheManausregion:characteristicspecies Geo-ecologicalformationVegetationformation
Characteristicspecies

1.Whitewaterfloodplaias
1.1.Floatingmeadows 1.2.Aningal 1.3.Varzeapasture 1.4.Shrubvegetation:earlysuccession (a)Shrubvegetationonlevees (b)Shrubvegetationindepressions

1.5.Openforest:intermediatesuccessionindepressions 1.6.Closedforest (a)Latesuccession (b)Climaxcommunity
1.7.Agroforestiysystemsonrestingas

Paspalumrepens,Paspalumfasciculatum,Echinochloapolystachya Montrichardiaarborescens,Paspalumrepens,Paspalumfasciculatum,Echinochloapolystachya,Oryzaperennis Panicumspp.,Paspalumspp. Salixhumboldtiana,Alchorneacastaneaefolia,Cecropialatilobia,Cecropiamembranaceae ??? Vitexcymosa,Crataevabenthamii,Bactrissp.,Astrocaiyumsp.,Cecropialatilobia,Cecropiamembranacea Pseudobombaxmunguba,Triplarussurinamensis,Crataevabenthamii,Vitexcymosa Piranheatrifoliata,Pterocarpusamazonum,Ceibapentandra

2.Blackwaterfloodplaias
2.1.Grassland 2.2.Shrubvegetationofsanddunes 2.3.Aningal 2.4.Shrubsandlowopenforest 2.5.Closedforest 2.6.Disturbedforest

??? ???
Montrichardiaarborescens Myrciariadubia,Pithecellobiumadiantifolium,Eugeniaspp. Aldinalatifolia ???

3.Terraftrmeregioas

3.1.Tallterrafirmeforestonplateaux 3.2.Forestonalluvialsoilsofriverfloodplains 3.3.Hydromorphiccampinaranaforest 3.4.White-sandvegetation (a)Campinarana (b)Campina
3.5.Secondaryvegetation (a)Secondaryvegetationonargyllicsoils (b)Secondaryvegetationonwhite-sandsoils

3.6.Grassland (a)Naturalsavanna (b)Pasture

Eschweileraodora,Licaniaspp.,Protiumspp. Euterpeprecatoria,Jesseniabataua,Vitexsprucei,Carapaguianensis,Mauritiaflexuosa,Mauritiaaculeata ??? ??? Glycoxylonininophyllum,Pagameaduckei Cecropialeucocoma,Cecropiapurpurascens,Cecropiasciadophylla,Vismiaguianensis,Vismiacayenensis Byrsonimachrysophylla,Cecropiaconcolor,Pteridiumaquilinum,Solanumgrandiflorum,Vismiaspp. ??? ???



Photo 3 .1 Seasonal varzea forest of the climax stage (Class 1.6a). The canopy is
characterised by the presence of tall emergent trees and gaps. The gaps
largely remain in shadow at the time of the Landsat TM image acquisition
(9:45 am local sun time).

Photo 3 .2 Seasonal varzea forest of the late successional stage(Class 1.6b). Forest in
lower-lying areas is characterised by (semi-) deciduous trees forming the
upper canopy. A narrow margin of floating meadows fringes the lake.
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Photo 3.3 Left: seasonal varzea forest of the climax stage (Class 1.6a; see Photo 3.1
for a detailed view). Right: Intermediate forest succession on low-lying
terrain (Class 1.5; see Photo 3.5 for a detailed view). Note the
pronounced difference in canopy structure between the two forest types.

Photo 3 4 Foreground, restinga with pasture and agroforestry systems (class 1.7).
Marshy thickets fringe the lake (class 1.5). Along the shore of the river
are some patches of floating meadows (class 1.1).
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Photo 3.5 Open forest: intermediate succession on low-lying terrain (Class 1.5). The
canopy is lacking large emergents and is not entirely closed.

Photo 3 .6 Shrub vegetation in backswamp basins (Class 1.4b).
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Photo 3.7 As 3.6, but lower-lying areas with lower degree of canopy closure and
higher level of inundation.

Photo 3 .8 Aningal vegetation (Class 1.2). The area is characterised by
predominantly herbaceous vegetation with islands of the giant Araceae
Montrichardia arborescens.
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Photo 3.9 Foreground: early stage of forest succession (Class 1.4a). Upper right:
floating meadows.

Photo 3.10 Early stage of forest succession (Class 1.4).
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Photo 3.11 Floating meadows with pioneer stage of forest succession, characterised
by Salix humboldtiana.

Photo 3.12 Foreground: floating meadows (Class 1.1; typical species are Echinochloa
polvstachva and Paspalum repens). Background: Early stage of forest
succession (see Photos 3.9 and 3.10 for detailed views).
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Photo 3 .13 Varzea pasture (Class 1.3).

Photo 3.14 Restinga with agriculture and smallholder agroforestry systems (Class
1.7).
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Photo 3.15 Restinga with agriculture and smallholder agroforestry systems (Class
1.7). '

Photo 3.16 Closed forest of blackwater floodplains (Class 2.5).
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Photo 3.17 Closed forest of blackwater floodplains (Class 2.5).

Photo 3.18 Tall terra firme forest on plateaux (Class 3.1).
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Photo 3.19 Pasture (Class 3.6b) and varying stages of secondary forest (Class 3.5al)
on terra firme.

Photo 3.20 Pasture (class 3.6b) and varying stages of secondary forest (class 3.5al)
on terra firme.
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Appendix to Chapter 3

Table ofPlant Families

Species New species name Family

Acosmium nitens Fabaceae

Alchornea castaneaefolia Euphorbiaceae
Alchornea discolor Euphorbiaceae
Aldina latifolia Fabaceae

Amorphospermum schomburgkianura Elaeoluma schomburgkiana Sapotaceae
Anacampta rupicola Apocynaceae
Ananas ananassoides Bromeliaceae

Andira retusa Fabaceae

Andira unifoliolata Fabaceae

Apeiba echinata Tiliaceae

Aspidosperma carapanauba Apocynaceae
Aspidospermum oblongum Aspidosperma discolor Apocynaceae
Astrocaryum jauari Arecaceae

Astrocaryum sociale Arecaceae

Attalea attaleoides Arecaceae

Azolla sp. Azollaceae

Bactris sp. Arecaceae

Bellucia Melastomataceae

Blastemanthus grandiflorus Ochnaceae

Bonafusia sp. Apocynaceae
Borreria capitata Rubiaceae

Bothryospora corymbosa Rubiaceae

Bowdichia virgilioides Fabaceae

Brachiaria mutica Poaceae

Brosimum rubescens Moraceae

Brosimum utile Moraceae

Buchenavia macrophylla Combretaceae

Buchenavia suaveolens Combretaceae

Bulbostylis aff. junciformis Cyperaceae
Burdachia prismatocarpa Malphigiaceae
Byrsonima chrysophylla Malphigiaceae
Calophyllum angulare Clusiaceae

Calophyllum brasiliense Clusiaceae

Calycophyllum spruceanum Rubiaceae

Campsiandra comosa Caesalpiniaceae
Caraipa grandifolia Clusiaceae

Carapa guianensis Meliaceae

Cariniana micrantha Lecythidaceae
Caryocar pallidum Caryocaraceae
Caryocar villosum Caryocaraceae
Casearia aculeata Flacourtiaceae

Casearia grandiflora Flacourtiaceae

Cassia grandis Caesalpiniaceae
Cassia leiandra Caesalpiniaceae
Cassia obtusifolia Caesalpiniaceae
Cecropia concolor Cecropiaceae
Cecropia latiloba Cecropiaceae
Cecropia leucocoma Cecropiaceae
Cecropia membranacea Cecropiaceae
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Cecropia purpurascens Cecropiaceae
Cecropia sciadophylla Cecropiaceae
Cedrelinga catenaeformis Mimosaceae
Ceiba pentandra Bombacaceae

Cephalostelon gracile Rapateaceae
Ceratopteris sp. Parkeriaceae

Chromolucuma rubriflora Sapotaceae
Clarisia racemosa Moraceae

Clavija sp. Theophrastaceae
Coccoloba ovata Polygonaceae
Copaifera multijuga Caesalpiniaceae
Corchorus capsularis Tiliaceae
Cordia sp. Boraginaceae
Corythophora alta Lecythidaceae
Corythophora rimosa Lecythidaceae
Costus Costaceae

Couepia paraensis Chrysobalanaceae
Couratari guianensis Lecythidaceae
Couratari pulchra Lecythidaceae
Couroupita guianensis Lecythidaceae
Couroupita subsessilis Lecythidaceae
Coutoubea ramosa Gentianaceae

Cralaeva benthamii Capparaceae
Crataeva tapia Capparaceae
Crescentia amazonica Bignoniaceae
Croton sp. Euphorbiaceae
Cybianthus spicatus Myrsinaceae
Cynodon dactylon Poaceae

Cyperus sp. Cyperaceae
Dalbergia inundata Fabaceae

Dinizia excelsa Mimosaceae

Diplotropis purpurea Fabaceae

Dipteryx odorata Fabaceae

Duckeodendron cestroides Duckeodendraceae
Duroia velutina Rubiaceae

Echinochloa polystachya Poaceae

Eichhornia crassipes Pontederiaceae

Elvasia calophyllum Ochnaceae

Endopleura uchi Humiriaceae

Eperua bijuga Caesalpiniaceae
Erisma calcaratum Vochysiaceae
Erythrina glauca Fabaceae

Eschweileira amara Lecythidaceae
Eschweileira coriacea Lecythidaceae
Eschweileira longipes Lecythidaceae
Eschweileira odora Lecythidaceae
Eschweileira pachysepala Lecythidaceae
Eugenia cachoeirensis Myrtaceae
Eugenia cf. patrisii Myrtaceae
Eugenia chrysobalanoides Myrtaceae
Eugenia inundata Myrtaceae
Eugenia longiracemosa Myrtaceae
Eugenia teffensis Myrtaceae
Euterpe oleracea Arecaceae

Euterpe precatoria Arecaceae

Faramea sessilifolia Rubiaceae

Ferdinandusa rudgeoides Rubiaceae

Ficus anthelmintica Moraceae
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Ficus insipida Moraceae

Franchetella crassifolia Pouteria elegans Sapotaceae
Gaylussacia amazonica Ericaceae

Genipa americana Rubiaceae

Glycoxylon inophyllum Pradosia schomburgkiana Sapotaceae
Goupia glabra Celastraceae

Guatteria poeppigiana Anonaceae

Guazuma ulmifolia Sterculiaceae

Gustavia augusta Lecythidaceae
Heliconia Heliconiaceae

Hevea brasiliensis Euphorbiaceae
Flevea guianensis Euphorbiaceae
Hevea pauciflora Euphorbiaceae
Hevea spruceana Euphorbiaceae
Himatanthus attenuatus Apocynaceae
Holopyxidium jarana Lecythis lurida Lecythidaceae
Holopyxidium latifolium Lecythis lurida Lecythidaceae
Humiria balsamifera Humiriaceae

Hura crepitans Euphorbiaceae
Hymenachne amplexicaulis Poaceae

Hymenaea coubaril Caesalpiniaceae
Ilex inundata Aquifoliaceae
Indigofera sp. Fabaceae

Inga alga Mimosaceae

Inga cinnamomea Mimosaceae

Iriartea exorihiza Arecaceae

Iryanthera elliptica Myristicaceae
Iryanthera macrophylla Myristicaceae
Jacaranda copaia Bignoniaceae
Jessenia bataua Arecaceae

Jussiaea natans Onagraceae
Labatia glomerata Pouteria glomerata Sapotaceae (?)
Ladenbergia amazonensis Rubiaceae

Laetia corymbulosa Flacourtiaceae

Laetia procera Flacourtiaceae

Laetia suaveolens Flacourtiaceae

Lecointea amazonia Fabaceae

Lecythis paraensis Lecythidaceae
Leersia hexandra Poaceae

Leopoldinia pulchra Arecaceae

Licania apetala Chrysobalanaceae
Licania heteromorpha Chrysobalanaceae
Licania kunthiana Chrysobalanaceae
Licania longistyla Chrysobalanaceae
Licania micrantha Chrysobalanaceae
Licaria aurea Lauraceae

Lissocarpa benthami Lissocarpaceae
Luehea sp. Tiliaceae

Mabea caudata Euphorbiaceae
Machaerium leiophyllum Fabaceae

Macrolobium acaciifolium Caesalpiniaceae
Macrolobium angustifolium Caesalpiniaceae
Malouetia furfixracea Apocynaceae
Manilkara amazonica Sapotaceae
Manilkara huberi Sapotaceae
Marlierea umbracicola Myrtaceae
Marsilia sp. Marsileaceae

Matayba opaca Sapindaceae
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Mauritia aculeata Mauritiella aculeata Arecaceae

Mauritia carana Arecaceae

Mauritia flexuosa Arecaceae

Mezilaurus itauba Lauraceae

Miconia surinamensis Melastomataceae

Micrandropsis scleroxylon Euphorbiaceae
Microplumeria sp. Apocynaceae
Mimusops paraensis Manilkara paraensis Sapotaceae
Minquartia guianensis = Minquartia punctata Olacaceae

Minquartia punctata = Minquartia guianensis Olacaceae

Mollia speciosa Tiliaceae

Montrichardia arborescens Araceae

Mouriri torquata Melastomataceae

Myrcia sp. Myrtaceae
Myrciaria dubia Myrtaceae
Nectandra amazonum Lauraceae

Nectandra rubra Ocotea rubra Lauraceae

Neea cf. altissima Nyctaginaceae
Neea sp. Nyctaginaceae
Neoxythece elegans Pouteria elegans Sapotaceae
Neoxythece robusta Pouteria cuspidata Sapotaceae
Ocotea barcelensis Lauraceae

Ocotea cymbarum Lauraceae

Ocotea opifera Lauraceae

Oenocarpus bacaba Arecaceae

Oenocarpus distichus Arecaceae

Oenocarpus pataua Jessenia pataua Arecaceae

Olmediopereba sclerophylla Moraceae

Olmediophaena maxima Moraceae

Onychopetalum amazonicum Annonaceae

Oryza perennis Poaceae

Osteophloeum platyspermum Myristicaceae
Ouratea spruceana Ochnaceae

Pachira aquatica Bombacaceae

Paepalanthus polytrichoides Eriocaulaceae

Pagamea coriacea Rubiaceae

Pagamea duckei Rubiaceae

Palicourea nitida Rubiaceae

Panicum chloroticum Poaceae

Panicum maximum Poaceae

Panicum zizanoides Poaceae

Panopsis rubescens Protaceae

Parkia auriculata Mimosaceae

Parkia discolor Mimosaceae

Parkia pectinata Mimosaceae

Paspalum fasciculatum Poaceae

Paspalum repens Poaceae

Peltogyne catingae Caesalpiniaceae
Peltogyne paniculata Caesalpiniaceae
Pera distichophylla Euphorbiaceae
Phenakospermum guyanense Strelitziaceae

Phyllanthus fluitans Euphorbiaceae
Piptadenia peregrina Anadenanthera peregrina Mimosaceae

Piptadenia suaveolens Pseudopiptadenia psilostachya Mimosaceae

Piranhea trifoliata Euphorbiaceae
Pistia stratioites Araceae

Pithecellobium adiantifolium Mimosaceae

Pithecellobium amplissimum Mimosaceae
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Pithecellobium glomeratum Zygia glomerata Mimosaceae

Pithecellobium inaequale Zygia inaequale Mimosaceae

Pithecellobium niopoides Albizia niopoides Mimosaceae

Pithecellobium racemosum Marmaroxylum racemosum Mimosaceae

Pogonophora schomburgkiana Euphorbiaceae
Pouteria guianensis Sapotaceae
Protium apiculatum Burseraceae

Protium pallidum Burseraceae

Protium paraense Burseraceae

Pseudobombax munguba Bombacaceae

Pseudoxandra sp. Annonaceae

Psidium acutangulum Myrtaceae
Pteridium aquilinum Pteridaceae

Pterocarpus amazonum Fabaceae

Qualea albiflora Vochysiaceae
Qualea paraensis Vochysiaceae
Radlkoferella sp. Pouteria sp. Sapotaceae
Reussia rotundifolia Pontederiaceae

Rheedia brasiliensis Clusiaceae

Rheedia floribunda Clusiaceae

Ricinus communis Euphorbiaceae
Rollinia exsucca Annonaceae

Ruprechtia tenuifolia Polygonaceae
Ruprechtia temifolia Polygonaceae
Sacoglottis matogrossensis Humiriaceae

Salix humboldtiana Salicaceae

Salvinia auriculata Salviniaceae

Sarcaulus brasiliensis Sapotaceae
Schistostemon macrophyllum Humiriaceae

Scirpus cubensis Cyperaceae
Sclerolobium afT. odoratissimum Caesalpiniaceae
Sclerolobium hypoleucum Caesalpiniaceae
Scleronema micranthum Bombacaceae

Securidaca longifolia Polygalaceae
Selaginella stellata Selaginellaceae
Simaba guianensis Simaroubaceae

Sloanea guianensis Elaeocarpaceae
Sloanea nitida Elaeocarpaceae
Sloanea porphyrocarpa Elaeocarpaceae
Solanum grandiflorum Solanaceae

Sorocea duckei Moraceae

Sphinctanthus strullorus Rubiaceae

Spondias lutea Anacardiaceae

Sterculia elata Sterculiaceae

Swartzia corrugata Caesalpiniaceae
Swartzia polyphylla Caesalpiniaceae
Swartzia reticulata Caesalpiniaceae
Symmeria paniculata Polygonaceae
Tabebuia barbata Bignoniaceae
Tabebuia incana Bignoniaceae
Tachigali paniculata Caesalpiniaceae
Tapura amazonica Dichapetalaceae
Terminalia amazonica Combretaceae

Tococa subciliata Melastomataceae

Trema micrantha Ulmaceae

Trichilia singularis Meliaceae

Triplaris surinamensis Polygonaceae
Unonopsis guatterioides Annonaceae
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Utricularia nervosa Utriculariaceae

Vatairea guianensis Fabaceae

Victoria regia Victoria amazonica Nymphaeaceae
Virola elongata Myristicaceae
Virola surinamensis Myristicaceae
Vismia cayenensis Clusiaceae

Vismia guianensis Clusiaceae

Vitex cymosa Verbenaceae

Vitex sprucei Verbenaceae

Xylopia amazonica Annonaceae

Xylopia aromatica Annonaceae

Zanthoxylum compactum Rutaceae

Zollemia paraensis Caesalpiniaceae
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Figure 4.1 Landsat Thematic Mapper (8-August-1991): system correction level. The
radiometric distortions most obvious at this level of resolution are (a)
view angle dependent distortions in bands 1, 2, and 3, and (b) level shift
banding in bands 2 and 3.(FULL SCENE)

Band 1
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Figure 4.1 (continued)

Band 3



Figure 4.1 (continued)

Band 5
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Figure 4.2 Landsat TM (8-8-91) band 4: area of forest on terra firme. Although total
variation in height in terra firme areas is limited to 100 metres or less,
topographic relief-induced shadow and brightening are nevertheless
considerable.
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Figure 4.4 Mosaic of Landsat TM band 3 scenes covering the entire Brazilian
Amazon. A large number of the scenes exhibits an increase in the apparent
radiance for the sensor viewing away from the sun (produced by the
Brazilian Space Agency INPE).
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Figure 4.5: Correction of view angle dependent radiometric distortions in band 1
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Figure 4.6: Correction of view angle dependent radiometric distortions in band 2
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Figure 4.7: Correction of view angle dependent radiometric distortions in band 3
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Figure 4.8: Assessment of view angle dependent radiometric distortions in band 4

(a) Average digital counts of forest pixels over the entire TM scene

(b) Average digital counts of forest pixels in scan direction
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Figure 4.9: Correction of view angle dependent radiometric distortions in band 5
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Figure 4.10: Correction of view angle dependent radiometric distortions in band 7

(a) raw data
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Figure4.11:Thesubtractionmethodforthecorrectionofview angledependentradiometricdistortions.
digitalcounts

Y-target

Y-measured

Y-estimated minus

I

Y-target

i

totalscan

Y-estimated

scanposition

nadir



Figure 4 .12 Landsat Thematic Mapper (8-8-91) band 3: Correction ofview angle
dependent radiometric distortions.

(a): System corrected data.

(b): Data corrected for view angle dependent radiometric distortions.
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Figure 4.13: Average digital counts of bands 1-5 and 7 measured over water
(system-corrected data: 3300/3106 —> 3516/3202)
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Figure 4.14: Average digital counts of bands 1-5 and 7 measured over forest
(system-corrected data: 3112/1682 —> 3562/1778)
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Figure 4.15: Average digital counts of bands 1-5 and 7 measured over forest (data
corrected for view angle dependent radiometric distortions:

3112/1682 — > 3562/1778)
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Figure 4.16: Average digital counts of band 2 measured over water (system-
corrected data: 3300/3106 —> 3516/3202)
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Figure 4.17: Average digital counts of band 3 measured over water (system-
corrected data: 3300/3106 —> 3516/3202)
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Figure 4.18: Separation between scans in level shift state 'high' and 'low'.
Frequency histogram of detector differences.
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Figure 4.19: Landsat TM 8-August-1991: Level shift state of all scans
CI' = 'low': '2' = 'high')
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Figure 4.20: Minimum and maximum percentages of class contribution to
detector histograms (all 16 detectors, both level shift states)
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Figure 4.21: Class contribution to detector histograms: maximum /
minimum ratio.
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Figure 4.22: Correction of level shift banding (Isb) and detector striping in
system-corrected data: average digital counts of band 2 measured over

water (3300/3106 — > 3516/3202)
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Figure 4.23: Correction of level shift banding (Isb) and detector striping in
system-corrected data: average digital counts of band 3 measured over

water (3300/3106 — > 3516/3202)
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Figure 4.24: Correction of level shift banding (Isb) and detector striping in
VADRD-corrected data: average digital counts of band 2 measured over

water (3300/3106 — > 3516/3202)
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Figure 4.25: Correction of level shift banding (Isb) and detector striping in
VADRD-corrected data: average digital counts of band 3 measured over

water (3300/3106 — > 3516/3202)
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Figure 4.26 Correction of level shift banding and detector striping in VADRJD-
corrected data: band 2, full frame.

(a): Before the correction of level shift banding and 16 line striping.

(b): After the correction of level shift banding and 16 line striping.
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Figure 4 .27 Correction of level shift banding and detector striping in VADRD-
corrected data: band 2, extract displayed at full resolution.

(a): Before the correction of level shift banding and 16 line striping.
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Figure 4.28 Correction of level shift banding and detector striping in VADRD-
corrected data: band 3, full frame.

(a): Before the correction of level shift banding and 16 line striping.

(b): After the correction of level shift banding and 16 line striping.
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Figure 4.29 Correction of level shift banding and detector striping in VADRD-
corrected data: band 3, extract displayed at full resolution.

(a): Before the correction of level shift banding and 16 line striping.

(b): After the correction of level shift banding and 16 line striping.
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Table 4.1: Landsat MSS, TM, and ERS-1 SAR data acquired for the project

Satellite data:

Landsat MSS 31-Jul-77

(path: 248, row: 62)

Landsat TM: 15-Aug-88
(path: 231, row: 62) 08-Aug-91

ERS-1 SAR PRI: 15-May-92
(track: 196, frames: 3663, 3681) 19-Jun-92

24-Jul-92

06-Nov-92

11 -Dec-92

15-Jan-93

30-Apr-93
04-Jun-93
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Table 4.2: Magnitude of VADRD according to
the quadratic regression functions.

band magnitude in digital counts

sensor sensor

viewing viewing total across

away from towards scan

the sun the sun

1 +6.14 -2.56 +8.70
2 +2.39 -0.90 +3.29

3 +1.99 -1.18 +3.17
4
5 +3.03 -1.10 +4.13
7 +0.66 -0.42 +1.08

77



Table 4.3: Dependence of the average digital count
of forest pixels (y) on the scan position (x).

Coefficient of determination for 2nd order

band
polynomial regression

raw data
VADRD corrected

data

1 0.998 0.00007
2 0.986 0.00006

3
4

5

0.990 0.0005

0.937 0.00002

7 0.940 0.0001

number of samples: 121
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Figure 5.1 Location of ground control points.
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Figure 5.2: Registering the 8 August 1991 Landsat TM data to the 1:100,000
scale UTM maps

Figure 5.2(a): 1st Order Polynomial

Figure 5.2(b): 2nd Order Polynomial
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Figure 5.3: Registering the 8 August 1991 Landsat TM data to the 1:100,000 scale
UTM maps

Figure 5.3(a): x-residuals after 1st order polynomial correction
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Figure 5.3(b): y-residuals after 1st order polynomial correction
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Figure 5.4: Registering the 8 August 1991 Landsat TM data to the 1:100,000 scale
UTM maps

Figure 5.4(a): x-residuals after 2nd order polynomial correction
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Figure 5.4(b): y-residuals after 2nd order polynomial correction
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Figure 5.5: Registering the 31-7-77 Landsat MSS image to the 8-8-91 Landsat TM
image

Figure 5.5(a): 1st Order Polynomial

Figure 5.5(b): 3rd Order Polynomial
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Figure 5.6: Registering the 31-7-77 Landsat MSS image to the 8-8-91 Landsat TM
image

Figure 5.6(a): x-residuals after 1st order polynomial correction
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Figure 5.6(b): y-residuals after 1st order polynomial correction
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Figure 5.7: Registering the 31-7-77 Landsat MSS image to the 8-8-91 Landsat TM
image

Figure 5.7(a): x-residuals after 3rd order polynomial correction
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Figure 5.7(b): y-residuals after 3rd order polynomial correction
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Figure 5.8: Registering the 31-7-77 Landsat MSS image to the 8-8-91 Landsat TM
image

Figure 5.8: 73 points used for calculating 3rd order coefficients
instead of 72 points
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Figure 5.9 Probability file before any smoothing operations were performed. Pixels
with a large spectral distance to the mean vector of the assigned class
('unreliable') appear bright. Pixels with a small spectral distance to the
mean vector of the assigned class ('reliable') appear dark.

Figure 5.10 Probability file after smoothing with an 11*11 low pass filter. Dark and
bright tones as explained in Figure 5.9.

Figure 5.11 Reliability Map created by thresholding the classified image at a 90
percent confidence level (based on the 11*11 smoothed probability file.
'Unreliable' areas are displayed in bright grey, and 'reliable' areas in dark
grey.
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Figure 5.12 Landcover and Reliability 1988: The August 1988 Landsat TM false
colour composite with 90 percent confidence level reliability contours
overlaid (red: band 4, green: band 5, blue: band 3).

Figure 5.13 (a) August 1988 land cover classification with 90 percent confidence
level reliability contours overlaid, (b) August 1991 land cover
classification with 90 percent confidence level reliability contours
overlaid.
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Figure 6/1: Backscatter from Terra Firme Vegetation

(a) Vegetation of terra firme regions

(b) Grassland on terra firme

(c) Detection of forest clearing
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Figure 6Backscatter from Floodplain Vegetation

(a) Woody vegetation of Whitewater floodplains
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(c) Vegetation of blackwater floodplains
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Figure 6.3

(a) Landsat TM (4/5/3) of 8-8-1991.

(c) Forest map produced from
Landsat TM data.
Dark green: primary forest.
Bright green: secondary forest.
Orange: early secondary regrowth.
Red: grassland.

(b) ERS-1 SAR false colour composite.
Red: 15-5-92
Green: 6-11-92
Blue: 4-6-93

(d) Forest map produced from ERS-1
SAR data.
Blue: vegetation with woody elements.
Pink: grassland.
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Figure 6.4

IfelltlMvmi

(a) ERS-1 SAR data
of 6-11-92 with
segment boundaries
in the overlay

(b) Landsat TM data
of 8-8-91 with
segment boundaries of
ERS-1 SAR (6-11-92)
in the overlay

(c) False colour composite
of ERS-1 SAR segment
means.

Red: 15-5-92.
Green/blue: 6-11-92.
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Figure6.5:Improvementinspectralseparabilityofwoodyvegetationtypesduetoradiometricpre-processing
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Figure 6.6 Visibility of the floodplain / upland boundary on Landsat TM and ERS-1
SAR data

(a) TM (8-8-91) false colour composite of bands 4, 5, and 3.

(b) First principal component band calculated from 5 dates of ERS-1 SAR data.
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Figure 6.8

(a) Case study 1: Iranduba ranching area. TM false colour composite of bands 4, 5,
and 3.

(b) Legend for classified TM data.

1 Water
2 Var:Climax_forest/short_floodin
3 Varzea late succession (sh.fl.)

I 4 Var:Mid_for_suc/intermed_flood5 Var:Ear_for_suc/interm_flood
6 Var:Ear_for_suc/long_flood
7 Var:Aningal/long_flood
8 Var:Pasture/short_flood
9 Var:Restinga_agrofor shortJloo

■ 10 Var:Floatingjneadows/long_flood
11 Tef:Cli_for_plateaux
12 Tef:Hydromcampinarana_forest
13 Tef:Forestjon_small_floodplains
14 Tef:Secondary_forest
15 Tef:DenseJierbaceous_secondary
16 Tef:Grassland
17 Tef:Urbanandbare_soil
18 lga:Forest/midshort_flooding
19 lga:Shrubs/long_flooding
20 lga:Grassland/short_flooding
21 Iga :Pegraded_forest

.
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Figure 6.9 Case study 1: Iranduba ranching area (continued)

(a) Vegetation map derived after correction of view angle dependent radiometric
distortions, level shift banding, 16 line striping, and 2 pass median filtering.

(b) Vegetation map derived from the classification of system-corrected data.
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Figure 6.10 Case study 2: floodplain of the lower Rio Solimoes

(a) TM false colour composite (4,5,3) of the Ilha do Careiro.

(b) Vegetation map derived after correction of view angle dependent radiometric
distortions, level shift banding, 16 line striping, and 2 pass median filtering.
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Figure 6.11 Case study 2: floodplain of the lower Rio Solimoes (continued)

(a) TM false colour composite (4,5,3) of the Ilha da Marchantaria.

(b) Vegetation map derived after correction of view angle dependent radiometric
distortions, level shift banding, 16 line striping, and 2 pass median filtering.
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Table 6.1

Vegetation formations of the Manaus region: correspondence to map units

Geo-ecological formation Vegetation formation Map Unit

1. Whitewater floodplains 1.1. Floating meadows C-10
1.2. Aningal C-7
1.3. Varzea pasture C-8
1.4. Shrub vegetation: early succession

(a) Shrub vegetation on levees C-5
(b) Shrub vegetation in depressions C-6

1.5. Open forest: intermediate succession in depressions C-4
1.6. Closed forest

(a) Late succession C-3
(b) Climax community C-2

1.7. Agroforestry systems on restingas
(a) Pasture C-9

2. Blackwater floodplains 2.1. Grassland C-20
2.2. Shrub vegetation of sand dunes
2.3. Aningal
2.4. Shrubs and low open forest C-19
2.5. Closed forest C-18

2.6. Disturbed forest C-21

3. Terra firme regions 3.1. Tall terra firme forest on plateaux C-ll
3.2. Forest on alluvial soils of river floodplains C-13
3.3. Hydromorphic campinarana forest C-12
3.4. White-sand vegetation

(a) Campinarana
(b) Campina C-16

3.5. Secondary vegetation
(a) Secondary vegetation on argyllic soils

(al) Forest C-14
(a2) Herbaceous vegetation C-15

(b) Secondary vegetation on white-sand soils
3.6. Grassland

(a) Natural savanna C-16
(b) Pasture C-16

3.7 Bare soil and urban C-17

3.8 Water C-l

L 9 2



Table 6.2: Assignment of classes in the TM map for areas classified 'grassland' on
the ERS-1 map

ERS-1 map TM map % of ERS-1 'grassland' pixels
grassland grassland 41.64

grassland primary forest 39.20

grassland secondary forest 13.56

grassland early secondary regrowth 5.61

Table 6.3: Assignment of classes in the TM map for areas classified 'woody
vegetation' on the ERS-1 map

ERS-1 map TM map % of ERS-1 'woody vegetation'
pixels

woody vegetation grassland 11.35

woody vegetation primary forest 58.28

woody vegetation secondary forest 23.49

woody vegetation early secondary regrowth 6.88
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Table6.4:Separabilityofwoodyvegetationtypes. System-correcteddata.

class1.6.b
class1.6.a
class1.5
class1.4.a
class1.4.b
class3.1
class3.3
class3.2

class3.5.a.l
class2.5

class2.4

class2.6

class1.6.b

44.10%

3.60%

10.70%

2.10%

0.10%

1.80%

0.10%

1.40%

5.80%

4.10%

class1.6.a

1.40%

23.10%

3.40%

11.10%

2.40%

0.30%

10.70%

4.70%

0.80%

10.90%

class1.5

16.40%

16.00%

73.00%

11.50%

2.90%

4.10%

1.00%

0.20%

3.80%

3.90%

1.10%

class1.4.a

1.30%

11.40%

6.30%

34.60%

0.80%

0.20%

6.10%

11.50%

class1.4.b

3.80%

1.60%

4.30%

1.70%

87.10%

1.90%

0.10%

0.40%

11.80%

class3.1

1.80%

0.70%

0.30%

58.90%

4.40%

25.20%

9.20%

class3.3

16.80%

0.70%

0.20%

0.40%

0.30%

14.70%

95.50%

3.50%

5.10%

9.60%

class3.2

4.90%

9.40%

49.00%

14.50%

class3.5.a.l

0.60%

10.10%

7.30%

0.10%

1.40%

68.20%

18.60%

5.10%

class2.5

8.50%

15.00%

1.80%

8.10%

6.50%

18.20%

6.40%

37.20%

0.80%

0.40%

class2.4

0.40%

2.10%

9.60%

0.10%

0.40%

62.30%

class2.6

17.90%

20.90%

0.10%

13.70%

0.20%

0.60%

71.00%

Numberof pointsin sample

898

307

1465

234

2051

2231

1628

286

1192

1865

363

469
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Table6.5:Separabilityofwoodyvegetationtypes.
Datacorrectedforviewangledependentradiometricdistortions,levelshiftbanding,and16linestriping.

class1.6.b
class1.6.a
class1.5

class1.4.a
class1.4.b
class3.1

class3.3

class3.2
:lass3.5.a.l
class2.5

class2.4

class2.6

class1.6.b

49.90%

4.90%

8.60%

1.70%

0.20%

0.30%

0.30%

4.80%

5.00%

class1.6.a

3.00%

26.10%

3.10%

14.10%

1.20%

0.30%

7.30%

3.10%

0.80%

14.30%

class1.5

14.90%

18.60%

76.50%

12.00%

2.60%

0.50%

1.50%

3.90%

1.50%

class1.4.a

0.40%

11.70%

6.90%

38.50%

0.10%

6.10%

8.30%

class1.4.b

3.70%

1.60%

4.50%

2.10%

85.70%

0.80%

0.10%

0.20%

12.10%

class3.1

2.30%

65.70%

3.60%

26.60%

9.90%

class3.3

12.10%

0.70%

0.40%

0.10%

14.20%

96.40%

4.20%

5.50%

8.50%

class3.2

2.90%

9.90%

51.40%

0.10%

15.80%

class3.5.a.

0.70%

6.20%

5.60%

0.50%

1.40%

75.30%

19.00%

2.60%

class2.5

9.40%

9.80%

0.40%

6.00%

6.90%

15.70%

7.30%

39.70%

0.60%

0.20%

class2.4

0.70%

1.70%

11.30%

0.30%

62.50%

class2.6

20.50%

17.90%

9.90%

0.10%

0.60%

73.10%

Number
ofpoints

insample

898

307

1465

234

2051

2231

1628

286

1192

1865

363
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Table6.6:Separabilityofwoodyvegetationtypes.
Datacorrectedforviewangledependentradiometricdistortions,levelshiftbanding,16linestriping,and 2passmedianfilteringusinga3*3pixelskernel.

class1.6.b
class1.6.a
class1.5

class1.4.a
class1.4.b
class3.1
class3.3
class3.2

class3.5.a.l
class2.5

class2.4
class2.6

class1.6.b

93.00%

0.10%

2.10%

3.60%

class1.6.a

67.10%

0.10%

20.90%

0.10%

1.00%

0.40%

13.90%

class1.5

6.00%

8.80%

98.20%

10.30%

0.30%

1.10%

class1.4.a

4.90%

1.20%

62.80%

0.80%

8.50%

class1.4.b

0.40%

97.50%

17.40%

class3.1

96.30%

24.50%

11.00%

class3.3

0.60%

0.40%

100.00%

0.30%

7.20%

class3.2

1.60%

64.70%

16.40%

class3.5.a.l

1.60%

94.60%

12.40%

class2.5

0.40%

2.00%

0.90%

1.50%

10.80%

0.20%

57.10%

class2.4

0.40%

2.50%

0.10%

70.00%

class2.6

15.60%

4.70%

4.20%

77.60%

Numberof pointsin sample

898

307

1465

234

2051

2231

1628

286

1192

1865

363
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Abstract. Traditional methods of assessing satellite-derived landcover map
accuracy are based on samples. In conditions of inaccessible terrain and lack of
up-to-date contextual information, the verification of samples frequently is
unfeasible. Such conditions are typical for many applications in developing
countries and have been encountered by the authors when mapping the landcover
of the region of Manaus in the central Brazilian Amazon Basin. Furthermore,
sample-based methods fail to provide information on the spatial distribution of
thematic map reliability. This article describes a procedure to derive reliability
maps to accompany satellite-derived landcover maps.

1. Introduction
With the increasing use of digital geographic information the assessment of error

in remote sensing products and geographical information systems has become an
urgent research issue (Lunetta et al. 1991). This article reports on a vegetation and
landcover mapping project using satellite data for the region of Manaus, Central
Brazilian Amazon Basin. The emphasis of the project was to map both landcover
and the spatial distribution of the thematic reliability.

Since the 1970s, the region has undergone rapid development along with a rapid
increase in population numbers and changes in land use resulting from defores¬
tation. The limited road infrastructure restricts the accessibility of many areas for
direct field verification. Up-to-date contextual information, important for satellite
mapping, such as air photography, maps, and written records on vegetation and
landcover, are largely unavailable. These factors are not untypical for other
countries with humid tropical climate and vegetation. They create a situation in
which the verification of the results of landcover mapping based on satellite imagery
is extremely difficult. As landcover maps produced from satellite data are frequently
limited to accuracies of lower than 80 per cent, even in regions with favourable
conditions of physical accessibility and availability of contextual information, it
would be of great importance to the user of such maps to have an indication as to
which parts of the map are reliable and which ones should be used with care or
possibly require further verification. This article describes a procedure to derive
reliability maps to accompany satellite imagery derived landcover maps.

2. Assessing accuracy and reliability of landcover maps
The accuracy and reliability of a classification depends on two factors, which

jointly are frequently called misclassification. What is commonly called misclassifica-
tion needs to be separated into two aspects: (1) misclassification in the strict sense,
and (2) mislabelling by the image analyst.

0143-1161/94 $10.00 © 1994 Taylor & Francis Ltd
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Misclassification is due to spectral overlap of two or more user-defined landcover
types. As a consequence, if the classification of the image is based on the image data
only, the computer does not have any means of differentiating such overlapping
classes. Misclassification can be quantified with the classical sample-based methods
of accuracy assessment: the error matrix, accuracy and confidence estimates based
on binomial distribution, and the Kappa coefficient.

Mislabelling typically occurs in situations where there is an incomplete know¬
ledge of the landcover types present in the project region. This may result in missing
a number of landcover types when classes are defined. Pixels belonging to any of the
missing classes will either be wrongly classified into any of the existing ones or
remain unclassified. Incomplete knowledge of the landcover and mislabelling pose a
serious problem to mapping in developing countries, where frequently the related
information from sources such as maps, air photographs and written records are less
abundant. This problem is aggravated by the fact that, in many instances, mapping
is performed by people who are not familiar with the area being mapped.
Mislabelling is more difficult to detect than misclassification, as it requires extensive
verification of the landcover map in the field. If the area being mapped is large and
inaccessible, a means of selecting areas for field verification is needed. This can be
achieved by 'reliability maps' as described below.

In the following discussion, the two expressions accuracy and reliability will be
used. Accuracy refers to the comparison between contextual information (ground
truth, air photographs, maps) and the classified image, resulting in measures such as
the error-matrix, overall classification accuracy (OCA), or the Kappa-coefficient.
Reliability is a measure which is proposed here, based on the spectral distance values
for each pixel in a probability file, which is created during the classification. Pixel
vectors which have a large distance to the mean vector of the class they have been
assigned to, are likely to be the most unreliable ones in a classified image.

Strategies to assess the accuracy and reliability of classified images can broadly
be divided into two groups: (1) Methods which are based on drawing a representa¬
tive sample of pixels from the classified image and comparing it with contextual
information and (2) techniques which, based on so-called probability files, allow the
user to identify pixels/regions within the image which have a high or a low
probability of being correctly classified.

Traditionally, the focus of accuracy assessment has been put on the use of error
matrices and various matrix coefficients which attempt to summarize the informa¬
tion contained in such matrices. However, the use of probability files opens up new
perspectives for the assessment of classified images. The following paragraph will
briefly review sampling schemes and the most common traditional sampling-based
methods of accuracy assessment. Subsequently, a technique to derive reliability
maps for classified images will be described.

2.1. Sample-based methods of accuracy assessment
2.1.1. Sampling scheme

In order to assess map accuracy, one must determine sample size, sampling
strategy and the statistical tests to be used for evaluating the samples (Dicks and Lo
1989). The sampling scheme needs to satisfy the following criteria (Ginevan 1979):

1. The probability of accepting a map of low accuracy (consumer's risk) should
be low;
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2. The probability of rejecting a map of high accuracy (producer's risk) should
be low;

3. A minimum number of ground truth samples should be required.
Ginevan (1970) and Rosenfield et al. (1982) discuss methods of estimating the
minimum sample size required. Samples may be selected on the basis of a variety of
sampling schemes. In order to create an unbiased and statistically valid sample of
pixels, simple random sampling or stratified random sampling schemes are preferred
(Congalton 1988). However, simple and stratified random sampling poses serious
problems in terms of verifying the selected pixels in regions which are neither easily
accessible nor possess adequate contextual information. Under such conditions,
cluster sampling has been frequently selected as the sampling strategy. However,
cluster sampling tends to select pixels from areas of previously known landcover,
thereby biasing the sample and overestimating the true accuracy of the classified
image. Another problem related to cluster sampling lies in the spatial autocorrela¬
tion of neighbouring pixels which tends to bias sample estimates with increasing
cluster size. From autocorrelation analysis, Congalton (1988) concluded that small
clusters should be taken, using no more than 10, or at most 25 pixels per cluster.

2.1.2. Sample evaluation
In order to assess the accuracy of an image classification, an error matrix needs

to be created at the first stage. The reference data are usually represented by the
columns of the matrix and the classified data are represented by the rows. The major
diagonal will then represent the agreement between the two. The Overall Classifica¬
tion Accuracy is calculated by dividing the sum of the entries that form the major
diagonal (i.e., number of correct classifications) by the total number of samples
taken. The Producer Accuracy is the probability for a reference sample to be
correctly classified. The User Accuracy is defined as the probability that a sample
from the classified image actually represents that category on the ground (Story and
Congalton 1986).

The error matrix can be statistically evaluated. The most common statistical test
is based on the binomial distribution (Ginevan 1979, Rosenfield and Melley 1980,
Aronoff 1982 a and 1982 b, Thomas and Allcock 1984, Aronofif 1985). Binomial
probabilities may be calculated for the classification as a whole or for individual
classes.

2.1.3. Discrete multivariate techniques—the Kappa coefficient
Various coefficients based on discrete multivariate theory have been proposed to

summarize the information of the confusion matrix. Most commonly used in the
field of accuracy assessment is the Kappa coefficient. Bishop et al. (1975) and
Rosenfield and Fitzpatrick-Lins (1986) provide introduction to Kappa statistics.
Congalton et al. (1983) suggested the use of Kappa as a measure of overall
agreement between the classification (i.e., agreement between classification and
reference data as indicated by the major diagonal) and the chance agreement which
is indicated by the product of the row and column marginals of the error matrix. The
formulae for the correct formulation of the Kappa coefficient are given by Hudson
and Ramm (1987). Kappa indicates how well the classification agrees with the
reference data. The coefficient can also be calculated for individual categories of a
matrix. The large sample asymptotic distribution of Kappa is normal (Congalton
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and Mead. 1983). This allows the calculation of a test statistic Z which compares the
difference between two Kappa coefficients and is itself normally distributed. Using
this statistic, the analyst can test whether two matrices (representing two classifica¬
tions) are different at a specified level of significance or not (Congalton et al. 1983).

2.1.4. Sample-based methods—the limitations
The traditional sample-based methods of accuracy assessment allow the detec¬

tion of misclassification in the strict sense—which is due to spectral overlap of user
defined classes. They do not allow for the detection of mislabelling, which is the
second major source of thematic map-error. Sample-based accuracy assessment
depends crucially on the sample of pixels which has been evaluated. In many
circumstances, a random or stratified random sampling approach will not be feasible
as the selected pixels would largely be inaccessible for field verification. On such
occasions, a cluster sampling approach has frequently been the choice. Clusters of
pixels selected for accuracy assessment will represent areas of homogeneous ground-
cover types. This leads to the problem that those areas which are likely to be the
inaccurate ones, i.e., those pixels which represent mixtures of different ground cover,
will not be represented by the sample. In consequence, accuracy values based on
such samples must be expected to be significantly higher than the true value for the
entire landcover map. Even if the sample was representative of the entire map,
numerical accuracy values would fail to give any indication as to where in the
classified image the unreliably classified pixels are located.

2.2. Probability file based methods of accuracy assessment
During a Mahalanobis or Bayesian decision-rule classification, for each pixel the

distance to the mean vectors of all classes will be calculated. Pixels will be assigned
to the class with the minimum distance. Normally, the classification results in two
output files. First, the classified image, and secondly, the so-called probability file.
The following paragraphs will introduce a technique to derive a reliability map—
based on the information available in the probability file—in order to indicate the
location of those regions of the classified image which are likely to have been
unreliably classified.

2.2.1. Probability files
As a result of any image classification based on Mahalanobis Distance or

Bayesian decision rules, there will be regions within the classified image which have a
high reliability (high likelihood of being accurately classified) and others which have
been less reliably classified. Generally, it may be assumed that those pixels which
exhibit a large spectral distance to the mean vector of the class they have been
assigned to during the classification, are the unreliable ones. This information about
spectral distances is available in some software packages (e.g., ERDAS) in the so
called probability files. The actual values in the probability file depend on the
classification method used. If the classification was Mahalanobis distance or

Bayesian decision rule, then each data file value in the probability file is the
Mahalanobis distance between the measurement vector of the pixel and the mean
vector of the class it has been assigned to. The Mahalanobis distance is calculated as:

D = (X-Mc):T(Covc~1) (X -Mc) (1)
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where

D = Mahalanobis distance
c = a particular class

X = the measurement vector of the candidate pixel
Mc = the mean vector of the signature of class c

Covc = the covariance matrix of the pixels in the signature
Cov ~1 = inverse of Covc

T = transposition function

(ERDAS 1991). In all these measurements, the probability of membership of the
allocated class decreases with an increase in the distance measurement.

2.2.2. Thresholding a classification
Using the probability file, the analyst can threshold the classified image. Thres¬

holding involves weeding out those pixels whose probability file value is above a
certain user-defined threshold, indicating that such pixels are spectrally distant from
the class they have been assigned to. Such pixels are the most likely ones to be
classified incorrectly. Thresholding can be a means of improving the accuracy of
image classifications (Foody 1990).

For image classifications based on either the Mahalanobis or Bayesian algorithms,
chi-square statistics may be used to derive threshold values, if the following
requirements are, at least approximately, fulfilled. Firstly, the signatures used in the
classification must approach normal distribution in every band (as required for a
maximum likelihood algorithm), and secondly, the input bands should approach
independence (as after principal components analysis). Then, the histogram of all
those pixels which have been assigned to any one class will approximate a chi-square
distribution. The fulfillment of the above requirements may be demonstrated
graphically by displaying, for each class, the histogram of the corresponding pixels
in the probability file.

The chi-square distribution is mathematically defined as

I(M2
X2(N) = -—^2 (2)

where

N = number of independent observations taken at random from a normal
population with

p. = population mean, and
a2 = population variance

(Hays and Winkler 1970)
For the histogram of the probability file, the .v-axis represents the distance

values, and the ,y-axis the frequency of any specific instance of distance values. The
area under the curve represents the number of points that exhibit a distance value
between zero and a user-specified upper distance limit. This allows the user to select a
threshold value T for the distance, such that a certain percentage of all the pixels
within any one class have a distance value between zero and T. In practice the
analyst may wish to threshold, for any one class, the 5 per cent most unreliably
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classified pixels or in other words, retain only the 95 per cent most reliably classified
pixels (selecting a 95 per cent confidence limit). The corresponding threshold value
can be found in tables of the chi-square distribution. The chi-square values are a
function of (1) the confidence level, and (2) the number of degrees of freedom, which
is represented by the number of input bands to the classification.

2.2.3. Reliability maps
The probability file stores the reliability information for each pixel of the image.

If the file is mapped to a range of 0-255 and displayed on the VDU, its visual
appearance is rather speckled (figure 1). This poses the problem of how to derive
from this information a reliability map which represents a small number of
homogeneous regions of reliability in order to produce results which are easily
interpreted by inexperienced users. The following paragraphs will show how
probability files can be used to create reliability maps that represent the major
regions of unreliably classified pixels only.

3. Data
The Landsat Thematic Mapper images analysed in this study date from 15

August 1988 and 8 August 1991 (Path 231, Row 62, bands 3, 4, and 5). The project
region included an area of 150 km by 80 km near Manaus, Central Brazilian
Amazon Basin. Image processing was carried out using the ERDAS version 7-4, and
7-5 software on a 386 Ness PC.

4. Methods
The landcover mapping process was structured into three phases. In the first

phase, based on the 15 August 1988 image and limited ground truth a preliminary
landcover map and the accompanying reliability map were produced. In the second
phase, field checking of both maps was carried out at Manaus. This included
extensive work on the ground as well as the acquisition of overflight photography as

Figure 1. The probability file before any smoothing operations were performed. Pixels with
a large spectral distance to the mean vector of the assigned class (unreliable) appear
bright. Pixels with a small spectral distance to the mean vector of the assigned class
(reliable) appear dark.
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an intermediate level of resolution in the image interpretation process. At the third
stage, based on the 8 August 1991 image and the much improved knowledge of the
project region's landcover types, a definitive landcover map was produced.

4.1. Phase 1 landcover mapping
From the Brazilian Space Agency INPE, the most recent Landsat-TM image (15

August 1988) was acquired. Geometric correction was performed using the largest
scale topographic maps available (1: 100000). Based on limited ground truth, a

supervised maximum-likelihood classification was performed. For this classification,
a reliability map was produced as described below. The landcover classes, for which
suitable training sites were known as this stage, are listed in table 1.

4.1.1. Production of the reliability map
The probability file was smoothed with low pass filters (all cells with equal

weighting) of varying kernel sizes. The kernel size 11 by 11 proved to be the most
useful one in terms of removing the speckle while keeping the major features of the
probability file (see figure 2). By comparing it with the original probability file
(figure 1), it can be seen that even though the smoothing is strong, the smoothed
image still shows the same spatial pattern of bright (unreliably classified) and dark
(reliably classified) regions as the original probability file.

Based on the 11 by 11 smoothed probability file, numerical thresholding was
performed at a confidence level of 90 per cent. This resulted in a preliminary
reliability map showing two classes: (1) pixels rejected at a 90 per cent confidence
level, and (2) background. At this stage, the preliminary reliability map still showed
a large number of small clusters of a few pixels only, which were regarded as
inessential. In order to eliminate such clusters, the preliminary reliability map was
filtered with a 11 by 11 majority filter. The final reliability map (figure 3) showed the
following class percentages:

Class Description Percentage

1 unreliable 12-5
2 background 87-5

Even though the confidence level was chosen at 90 per cent, the actual level of
rejection with 12-5 per cent is slightly higher than the expected 10 per cent. This is a
result of the fact that the two conditions implicit in the maximum likelihood decision
rule, (1) normal distribution of class signatures in all bands, and (2) band
independence, were not completely fulfilled (see §2.2.2.).

Table I. Landcover classes in stage 1 classification.

1. Sediment poor water.
2. Sediment rich water.

3. Dense forest on terra firme.
4. Inundation forest of the floodplain.
5. Grassland.
6. Floating meadows.
7. Urban areas.
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Figure 2. The probability file after smoothing with a 11 by 11 low pass filter. Dark and
bright tones as explained in figure 1.

4.1.2. Overlaying the reliability map with the landcover map
For use during field verification, especially for targetting areas during overflights

in order to identify missing classes, it proved useful to obtain copies of the false
colour composite and the landcover map with the corresponding reliability informa¬
tion overlayed onto it. In order to obtain such maps, the following approach was
chosen. Using a boundary detection filter, the bounding polygons of class 1
(unreliable) of the reliability map were obtained. The resulting boundary map was
overlayed onto the false colour composite and onto the landcover map. Figure 4
shows the 1988 false colour composite with overlayed boundaries for unreliable
areas. Reliability maps, exhibiting different levels of spatial detail, can be easily
created by varying the kernel size of the low pass filter used to smooth the

Figure 3. The preliminary reliability map created by thresholding, at a 90 per cent
confidence level (based on the 11 by 11 smoothed probability file), the classified image.
Unreliable areas appear bright, and reliable areas appear dark.
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probability file. A smaller kerne! will result in a reliability map showing a higher
degree of small scale detail.

4.2. Phase 2
One application of a reliability map as created above is the identification of

unreliably classified regions as target areas for further field checks. The utility of the
reliability map for this purpose was evaluated by fieldwork during August 1991. Due
to the substantial size of the project region (12 000 km2) and its poor accessibility by
roads and rivers, the reliability maps were of crucial importance at the moment of
selecting areas for ground verification as well as for acquisition of air photography.
By verifying the landcover of a selection of those areas which were, according to the
unreliability map, unreliably classified, three further landcover classes which had not
been known in the previous classification could be identified. These classes were: (1)
secondary forest on terra firme, (2) swamps in areas of Whitewater influence with a
mixture of herbaceous and bush vegetation, and (3) secondary forest on the varzea

floodplain.
The left-hand section of figure 5(a) shows an extract of the 1988 landcover map

with overlayed 90 per cent confidence level reliability contours. This area was
verified both by overflight and in the field. Whereas in the 1988 classification the
areas outlined by the reliability contours were classified mostly into a mixture of the
classes 4, 5, and 6 (see table 1), field verification proved that it was covered largely by
none of these classes but by upland secondary forest, a class not included in the 1988
classification. The right-hand section of Figure 5(b) shows the same area as
classified from the 1991 image after including the class Secondary Forest on Terra
Firme. It can be seen that the reliability contours define reasonably well areas of
upland secondary forest which as a class was not represented in the 1988
classification.

During field verification and overflights, it proved extremely useful to have two
different reliability maps which were created by selecting two different confidence
levels (97 and 90 per cent) at the thresholding stage. This enabled a structured and
time-efficient approach to field verification, starting with the inspection of the most
unreliable areas and progressing from there into regions of higher degrees of
reliability.

At the actual field stage, reliability contours overlayed on false colour composites
(TM bands 3, 4, and 5) proved more useful than overlays with the classified
landcover map, because orientation in the field and from the plane was easier based
on the false colour composites.

4.3. Phase 3
Based on the improved ground truth and a more recent Landsat-TM image (8

August 1991), a new landcover map and its corresponding reliability map were

produced. Both maps were vectorized and integrated into an existing geographical
information system of the Manaus region. As such, users of the landcover map have
at their disposal information on which areas of this map are less reliably classified.

5. Conclusions

Reliability maps as described in this article represent a step towards a spatial
description of the reliability of satellite-derived landcover maps. Whereas misclassifi-
cation due to spectral overlap of classes can be estimated based on traditional
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sampling based techniques, reliability maps help to reduce thematic map error due
to mislabelling and aid in the identification of missing classes as well as improved
training site selection in supervised classification. In situations which do not permit
the exact assessment of thematic map accuracy, reliability maps increase the utility
of the landcover map in the decision making process and decrease the risk of taking
decisions based on erroneous maps.
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