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Abstract: Landsat Thematic Mapper (TM) data have been complexity of vegetation stand structure, the smooth transition
extensively used for land cover classification, but Terra ASTER between adjacent successional stages, abundant tree species,
and SPOT High Resolution Geometric (}[RG)daJaapplicatims and heterogeneous environmental conditions often create
are just beginning- This paper compares the capabilities of TM, difficulties in Amazonian vegetation classification. Many
ASTER, and HRG in land cover classification in the Amazon previous initiatives only classified the moist tropical forest into
basin, Maximum likelihood classification was used for selected two broad categories — successional forest and primary forest
multi-sensor image classification. This research indicates that (Adams et al., 1995; Roberts et al., 1998; 2002, Powell et al,
different sensoT data have their own merits for land cover 2004). However, biomass of different successional stages
classification and DO single sensor data or image processing ranges from less than 2 kg/m’ in initial succession stages to
routine provide the best classification accuracy for all land more than 20 kg/m’ in advanced succession stages. Obviously,
cover classes. The SPOT data fusion result with its 5 m spatial their roles in restoring degraded lands and in carbon
resolution provides the best overall classification accuracies, sequestration vary significantly. Moreover, biomass of primary
with Kappa coefficients of 61.8% and 56.3% for 13 land cover forests ranges from approximate 12 kg/m’ to greater than 50
classes and 9 vegetation classes, respectively. This is about 3% kg/m® due to different soil conditions, topography, and nutrient
higher than the second best classification results using SPOT availability (Lu et al., 2005). A single class of primary of
mulﬁspectmldm»vith 10 m spatial resolution and ASTER data; secondary forest is obviously not sufficient for many
and about 4% higher than TM data for 9 vegetation classes. The applications such as catbon cycling study. So, a careful
major efrors are due to the confusion between successional delineation of vegetation classes is required.
stages, agroforestrys and degraded pasture. For the six land Landsat TM/ETM+ data are often used for land cover
cover classification system, the SPOT data fusion provides the classification (Adams et al., 1995; Roberts et al., 1998; Lu et al.,
best classification accuracy, with overall classification accuracy 2004). As higher spatial and/or spectral resolution satellite data
of 80.4% and kappa coefficient of 75.4%. This research are readily available, identification of suitable sensor data for
indicates the importance of short-wave infrared bands in land land cover classification in the muoist tropical regions is key for
| cover classification. Also, higher spatial resolution images providing better classification results. For example, ASTER
i vide better cl _sification accuracy When the spectral data with improved spatial and spectral resolutions and SPOT
| wavelengths are similar. HRG data with high spatial resolution may provide better land
cover classification performance than Landsat TM data.
| Keywords: land cOVer, classification, ASTER, TM, SPOT HRG, Although TM data have been extensively used for land cover
maximum likelihood classification, Amazon classification in the Amazon basin, ASTER and HRG data
applications are just beginning. Their capabilities for land cover,
especially vegetation, classification are poorly understood.
1. INTRODUCTION Hence, this paper aims to compare the performance of Ter2
ASTER, Landsat TM, and SPOT HRG data in land cover,
The Brazilian Amazon basin has experienced high deforestation especiaily vegetation classification and to explore the suitable
rates since the 19708 (INPE, 2002). Deforestation has converted image processing routine for vegetation classification in the
a vast area of primary forest into a mosaic of different stages of Amazon.
successional forests, agroforestry, Crops, and pasture. It is
estimated that about 20-50% of the deforested areas are in
certain stage of secondary succession (Moran et al., 1994; Skole 2. STUDY AREA
et al., 1994; Lucas et al., 2000; Roberts et al., 2002). The rapid
regrowth and increasing areal extent of successional forests play The study area is located in northeasterm Rondénia, Brazil.
an important role in regional and global carbon budget. Also, Settlemenis Wwere implemented in the early-1980s in this
they have significant ecological functions within Amazonian Jocation. Very limited deforestation occurred before 1988 as
ecosystems and landscapes, such as increasing soil fertility, found on the 1988 T™™ image. However, deforestation has
changing vegetation structure and composition, and promoting rapidly increased in the 1990s and has converted a vast area of
faunal dispersion (Moran et al., 2000). Accurate classification primary forest into coffee plantation, pasture, and successional
of successional stages and distinction of successional forests forests (Batistella et al.,, 2003). The majority of successional
from agroforestry and degraded pastures become considerably forests in this study area are less than 15 years old. Several soil
important in reducing the uncertainty in estimations of carbon types, mainly alfisols, oxisols, ultisols, and alluvial soils, were
emission and sequestration besides providing elements for the identified (Bognola and Soares, 1999). The terrain is
evaluation of land degradation or Testoration. However, the undulating, ranging from 100 m to 450 m above sea level. The
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well-defined dry season lasts from June to August. The annual
average precipitation is 2,016 mm, and the annual average
temperature is 25.5 C (Rondénia, 1998).

3. METHODS

3.1 Field data collection and the land cover classification
system

A suitable classification system is critical for land cover
classification using remotely sensed data and for field data
collection. The selection of the land-cover classification scheme
was motivated by three factors: (1) our previous experience in
land-cover classification in the Amazon basin during the past
decade, (2) the requirement of subclasses of secondary
succession for Amazonian research, and (3) the requirement for
discrimination of successional forests from pasture and
agroforestry. Therefore, two land cover classification systems,
with six classes for level I and 13 classes for level I were
designed (Table 1). In this research, the emphasis was on
vegetation classification. The primary forest was separated into
uplanddensefomst,uplmﬁopenfmst,andlowlandfomst
pased on biomass and soil moist conditions. The successional
forests were classified as initial (SS1), intermediate (SS2), and
advanced (SS3) secondary succession based on vegetation stand
structures. Pasture land was classified as cultivated and
degraded pastures based on the pasture condition. Agricultural
lands include agroforestry (such as coffee plantations and
mixture of coffee and other tree species) and recently deforested
areas. A detsiled description about these vegetation classes,
wpeciallythediﬂ’erentsumsaiomlfores(stagﬁ,iSfomdinLu
et al. (2003).

_ Table 1. Land-use and land-cover classification system

Level I CI  Levelll cll
Pri Upland dense forest UDF
forest PF  Upland open forest UOF
Lowland forest LLF
‘Advanced succession SS3
';?J::m“d“‘imy SS  Intermediate succession  SS2
- Initial succession SS1
ot Degraded pasture DGP
P i Cultivated pasture CUP
; forestry AGF
ﬁngﬁc“lw AL  Bare soils (recently BAS
deforested area)
Built-up land BL _ Built-up land BUL
Water WAT

Waterbody ~ WB 1, vegetated wetland NVW

Field data collection was conducted in August 2002 and 2003.
During field work in August 2002, an [IKONOS image was used
to assist the selection of different successional forest stages,
coffee plantation and other agroforestry, and degraded and
cultivated pastures. In August 2003, a SPOT image was used to
assist the selection of more land cover classes. After driving
extensively throughout the settlements, field observations gave
insights about the structure of regrowth stages, mainly regarding
tomlheighlmdgmlmdcuverofdonﬁnantspeciﬁ.ﬁesuweys
were implemented in areas with relatively homogeneous
ecological conditions (e.g. topography, distance from water,
and land use) and uniform physiognomic characteristics. Every
sample plot was registered with a global positioning system
(GPS) to allow further integration with ial data in
geographic information systems (GIS) and image processing
systems. The successional forest stages, agroforestry, and
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are mainly located near the roads. The collection of
these classes is relatively easy and can be
accurately located based on GPS points and IKONOS or SPOT
images. However, the collection of primary forest data is often
more difficult due to problems of access. Hence, most sample
plots for the upland dense forest, upland open forest, lowland
forest, and non-vegetated classes (e.g., road, urban, water, non-
vegetated wetland, and recently deforested areas) were
identified based on visual interpretation of TKONOS or SPOT
color composites. The collected sample plots were separated
into two groups. One group was used for training sample plots
in the supervised classification and another group was used as
test sample plots for accuracy assessment.

3.2 Image preprocessing
Three different sensor data, i.e., Terma ASTER, Landsat 5 TM,
andSPUTSI{RG,mesedinLhisresmh.ThE30mspaﬁaj
resolution TM image with four visible and near infrared
(VNIR), and two shori-wave infrared (SWIR) bands was
acquired on July 8, 2003, with sun elevation angle of 42.966°
and sun azimuth angle of 45.719°. The SPOT HRG image with
one 5 m resolution ic band, three 10 m resolution
VNIR bands, and one 20 m resolution SWIR band was acquired
on June 26, 2003, with sun elevation angle of 51.065° and sun
azimuth angle of 31.848°. Ths ASTER image with three 15 m
resolution VNIR bands, six 30 m resolution SWIR bands, and
five 90 m resolution thermal infrared (TTR) bands was acquired
in August 1, 2003, with sun elevation angle of 52.666° and sun
azimuth angle of 42.766°. Thermal bands were not used in this
i spatial resolution and thermal
features.
Geometric correction and atmospheric calibration are two
importmlaspoctsinﬂ:eimage ing. Although data
pm@ctsmgeomeﬂiwﬂycomctedwhmtheympmhased,
the geometric precision is not high enough for high-resolution
multi-sensor data analysis. Therefore, accurate rectification or
registration based on control point data is often needed. The
LlASPOTdaumductwnsﬁm:hecbdwithothﬁETM+
dam,whichwerageomeu'i yrectiﬁedalready,md found to
have high rectification accuracy. After checking the geometric
accuracies of ASTER and TM data with the SPOT image, about
twomfaurpixelmwmfomd,andihmmmﬂe
registration for these images was required. The SPOT image
was used as the reference data. The ™
were registered to the SPOT image with the
Transverse Mercator coordinate system. The nearest-neighbor
algorithm was used to resample the registered images to suitable
resolutions based on the selected sensor data. In the final results,
the TM image was resampled to 30 m and the ASTER image 10
15 m spatial resolution. Errors of 0.1816 pixels (x error: 0.1409,
y error: 0.1145) for the L1G TM image and of 0.3219 pixels (x
error- 0.2116, y error: 0.2426) for the L1B ASTER image were
obtained during image registration.
The LIB ASTER data product was
radiance value and then rescaled to 8 bit integer format. No
further atmospheric calibration was conducted for the ASTER
data. The atmospheric calibration of TM and SPOT images was
conducted using an improved DOS model (dark-object
subtraction). This approach is an image-based procedure that
comects for the effects caused by sun zenith angle, solar
radiance and atmospheric scattering (Chavez, 1996; Lu et al.
2002).

directly imported into

R, =PI*D*L.-1a vaze)/( Esum, * COSs(8)),

L, =DNy/A, , for SPOT data, and

L;,=gain;.‘ DN, + bias;, ,fOl’TMdﬂtﬂ.,
Where L, is the apparent at-satellite radiance for spectral band
A, DN, is the digital number of selected band X, Az is the
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calibration factor for spectral band A of SPOT image, Ry is the
calibrated reflectance, Lj ez is path radiance, Esun ; is exo-
atmospheric solar irradiance, D is the distance between the
Earth and Sun, and 0 is the sun zenith angle. The path radiance
for each band was identified based on analysis of water bodies
and shades in the images. The calibrated TM and SPOT images
were also rescaled to 8 bit integer format. After geometric and
atmospheric correction of the selected sensor images,

_correlation analysis was used to explore the relationships

between bands and principal component analysis (PCA) was
used to explore data redundancy.

3.3 Supervised classification

In order to explore land cover classification performance among
the three sensor data, different image processing routines were
designed (Table 2). These image processing routines explore
how different spatial and spectral resolutions influence land
cover, especially vegetation, in terms of classification
accuracies, and compare how different sensor data with
different spatial resolutions influence the vegetation
classification accuracies. The spatial resolutions range from 5 m
(SPOT data fusion result), 10 m (SPOT multispectral image), 15
m (ASTER data), and 30 m (TM data).Thespech'a.lbandsmad
rangeﬁ-om4(SPOTdata)to?(TMdata), and to 9 (ASTER
data). In order to make full use of high spatial resolution SPOT
panchromatic image, the wavelet-merging technique was used
to integrate SPOT multispectral bands and panchromatic band.

Table 2. Summary of different image processing routines

Sensor Treatments Code Res. Bands -
VNIR data AST123 15m 3
VNIR and AST1234 15 4
SWIRI

ASTER VNIR and AST12345 15 5
SWIRI, 2
VNIRandall AST-ALL 15 B
SWIR bands
TM all bands TM-ALL 30 6

™ TM bands 2, TM2345 30 4
3,4,and 5
SPOT bands SPOTI1234 10 4
1,2,3,and 4

SPOT Do fusion  SPOT- 3 2

Fusion
Note: VNIR and SWIR represent visible and near infrared
bands and shortwave infrared bands. Res. means spatial
resolution of the sensor data. Data fusion is based on the SPOT
multispectral bands and panchromatic band using the wavelet-
merging technique.

The maximum likelihood classifier (MLC) was used to classify
the spectral images for every processing routine. The training
sample plots were selected based on field data collected in 2002
and 2003. For the level II classification system, 12 — 20 samp!

plots were selected for each class. A polygon of 9 to 40 pixels
for each plot was selected, depending on the homogeneity of the
land cover type. After selection of training samples, spectral
separability was analyzed, and then the refined training samples
were used to implement supervised classification using the
MLC. The same training sample plots were used to implement
image classification for each image processing routine using the
MLC. The LULC classification results based on the level II

system were first conducted, then the level I resuits were
generated through reclassification according to the hierarchical
scheme listed in Table 1.

3.4 Accuracy assessment

The error matrix is the most common approach for assessing
land cover classification accuracy. Based on the error matrix,
overall accuracy, producer’s accuracy, USer's accuracy, and
Kappa coefficient can be calculated. Previous literature has
provided the meanings and calculation methods for these
parameters (Congalton et al., 1983; Congalton, 1991; Smits et
al., 1999, Foody 2002); therefore, they are not discussed with
details here. Because of the difficulty and time allocation in
collecting training samples for land cover classes in moist
tropical forest regions, the selection of a sufficient number of
test sample plots based on randomly sampling is extremely
difficulty. In this paper, a total of 365 sample plots were used
for accuracy assessment, which were mainly collected during
field work in 2002 and 2003, especially for different
successional forest stage, agroforestry, degraded and cultivated
pastures because they are difficult to visually discriminate on
the images. Some land-cover classes, such as built-up land and
dense forest, which can be easily identified on the images, were
selected from the SPOT or IKONOS color composite. Accuracy
assessments based on both classification systems were
conducted. The producer’s accuracy and user’s accuracy for
mchclass,aswellnsmeovmllmumcymdthekappa
coefficient for each image processing routine were summarized
to compare and analyze the performances of different spatial
and/or spectral resolutions in land cover classification in the
Amazon.

4. RESULTS AND DISCUSSION

4.1 Comparison of basic features among the three sensor
data

Table 3 summarizes the correlation analysis results for the three
sensor data. There are some common features, such as (1) the
NIR band has low correlation with all other bands, indicating its
i in information and its importance; (2) the
correlations between visible bands or between SWIR bands are
strong, indicating high data redundancy. For example, the
ASTER NIR band is negatively correlated with all other bands
with correlation coefficients ranging from -0.12 to -0.08; the
TM NIR band is positively correlated with other bands with
correlation coefficients ranging from 0.08 to 0.34; and the
SPOT NIR band is also positively correlated with other bands
with correlation coefficients ranging from 0.18 to 0.41.
Conversely, the correlation coefficients between SWIR bands
are very strong. The correlation coefficients between ASTER
SWIR bands are greater than 0.97 and between TM SWIR
bands is 0.96. The high correlation coefficients imply similar
information representing land cover surface characteristics. The
PCA results listed in Table 4 confirm the high data redundancy
inherent in the multispectral images. In ASTER data, although
the SWIR bands increase to six comparing to two in TM and
only one in SPOT, the very high correlations between the SWIR
bands indicate that the increased information may be limited.
The majority of information, accounting for 9% of the overall
variance, is concentrated on the first three PCs based on PCA
result of ASTER data. In the TM data, the first four PCs account
for 99% and in SPOT, the first three PCs account for 90.6%.
This indicates that the data redundancy is relatively small in
SPOT, but it is high in the ASTER image.




Table 3. Correlation analysis results for the three sensor data

Sensor Pands Blue Green Red NIR _SWIRI SWIR2 SWIR3 SWIR4 SWIRS SWIR6
Green 1000 0978 -0000 0909 0917 0916 0918 0916 0.901
Red 0978 1.000 -0.177 0921 0.928 0.933 0.933 0.933 0.910
NIR 0090 -0177 1000 -0083 0160 -0.167 -0.168 -0.183  -0.166
SWIRI 0909 0921 -0083 1.000 0979 0985 0979 0973 0.951

ASTER SWIR2 0917 0928 -0.160 0979 1000 0991 098 0987 0.976
SWIR3 0916 0933 -0.167 0985 0991 1.000 0991  0.990 0971
SWIR4 0918 0933 -0.168 0979 0989 0991 1.000  0.992 0.974
SWIRS 0916 0933 -0183 0973 0987 099 0992  1.000 0.976
SWIR6 0901 0910 -0.166 0951 0976 0971 0974 0976 1.000
Blue 1.000 0.893 0895 0.5  0.841 0.852
Green 0.893 1.000- 0947 0235  0.896 0.890

™ Red 0.895 00947 1.000 0.088  0.899 0.930
NIR 0.159 0235 0088 1.000. 0.340 0.151
SWIRI 0841 0.896 0.899 0340  1.000 0961
SWIR2 0.852 0.890 0930 0.151 0.961 1.000
Green 1.000 0.962 0350  0.383

SPOT Red 0962 1000 0.179 0.870
NIR 0350 0.179 1.000 0410
SWIRI 0.883 0.870 0.410  1.000

Table 4. PCA analysis results among the three sensor data

5 ASTER ™ SPOT
% Accu% 9% Accu% % Accu%

PCl g727 8727 80.84 8084 7170 7L70

PC2 920 9648 1377 9461 2439  96.09

PC3 253 9900 3.6 9777 354 99.63

PC4 44 9945 128 99.05 037 100.00

PC5 023 9967 055 99.59

PC6 012 9979 041 100.00

PC7 009 99.88

PC8 007 9994

PC9 006 100.00

Note: PC means principal component; % indicates the
pemenhgeofvarinnoeinoe:minPCaccmmﬁngfortbeovemll
variance; Accu% means the accumulated percentage.

4.2 Comparison of classification results

Table 5 summarizes the accuracy assessment results for the
different processing routines based on 13 land cover classes.
Different treatments have their own merits in separating land
cover classes and no single treatment can provide the best
classification accuracy for all classes. For example, the TM2345
provides the best classification accuracy for UDF, DGP, CUP,
and AGF; the SPOT data provide the best results for SS3 and
SS1: and AST-ALL is better for UOF and LLF. Comparing the
accuracies among the land cover classes, non-vegetated classes
{i.e., bare soil, built-up land, water, and non-vegetated wetland)
have higher classification accuracies than vegetation classes.
Successional forest stages, especially SS2 and S83, have poorer
classification accuracies than any other vegetation classes.
Overall, the SPOT-Fusion provides the best classification
accuracy and kappa coefficient; the SPOT1234 and AST-ALL
provide similar kappa coefficient for the 9 vegetation classes;
and the AST123 provides the poorest accuracy, with a kappa
coefficient of only 42.6% due to the lack of SWIR bands in this
routine. The comparison between SPOT1234 and SPOT-Fusion
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routines indicates that increased spatial resolution through
wavelet-merging techniques improved about 3% in the kappa
coefficient. Most land cover classes, excluding SS2 and SS3,
improved classification accuracies to a' certain degree.
Comparing TM2345 and - TM-ALL, the TM2345 routine
provides better classification accuracies for most land cover
classes than TM-ALL, implying that addition of more spectral
bands with high correlation coefficients between them may
decrease the classification accuracy. Comparing the four
routines based on ASTER data, AST123 provides the poorest
classification results. The accuracy improves when adding more
SWIR bands. This indicates the importance of SWIR bands in
vegetation classification.

Table 5 shows that most land cover classification accuracies
based on ASTER data are poorer than those based on TM or
SPOT. Different reasons may cause this problem. For example,
the different image acquisition dates may produce difficulties
for the comparison of classification results. The SPOT and TM
images were acquired in late June and early July, the beginning
ofdtymmwhiletheASTERhmgewasaoquimdinearly
August, the late period of the dry season. The different moist
conditions may change land cover reflectance and the separation
of land cover classes. Comparison between the images indicates
that moist features (e.g. non-vegetated wetland) are more
conspicuous in SPOT or TM images than in the ASTER image.
The relatively drier condition in the ASTER data causes severe
confusions among some land cover classes, such as between
bare soils and cultivated pastures, between degraded pastures
and SS1, and between agroforestry, degraded pasture. and
different SS stages. Because of the different moist conditions,
some sample plots for the non-vegetated wetland identified in
TM or SPOT became bare soil in the ASTER image. A similar
situation is for lowland forest that appeared in TM or SPOT
imagebmbecamewimddmmoropmforestintheASTER
image. Also, the different training and test sample plots between
TM (or SPOT) and ASTER make the comparison difficult
because the ASTER image covers a smaller study area than ™
and SPOT image, thus many training and test samples are out of
the ASTER image. The decreased number of training sample
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plots and test sample plots may affect the classification results
and accuracy assessment for the ASTER image.

Table 5 indicates that the classification accuracies for SS2 and
SS3 classes are especially poor compared with other land cover
classes based on the selected three sensor data. For SS3, an
important constraint is that no typical training or test sample
plots were available because they are in a younger stage of SS3

and they have similar vegetation stand structure as older SS2.
Also, small SS3 areas in the study area limit the selection of
sufficient number of training and test sample plots. The
confusion of SS2 with agroforestry and SS3 makes the SS2
classification poorer because the coffee plantation and mixtures
of coffee and other trees have similar reflectance as SS2.

Table 5. Comparison of classification accuracies among different processing routines based on level II classification scheme

SPOT HRG Landsat TM Terra ASTER

Class  $pOTI234  SPOT-Fusion TM2345 TM-ALL AST-ALL AST123 ASTI1234 AST12345

PA% UA% PA% UA% | PA% UA% PA% UA% | PA% UA% PA% UA% PA% UA% PA% UA%
UDF 6250 9259 7500 96.77| 8500 100.00 82.50 91.67| 7241 9130 7931 9583 7586 9167 7931 92.00
UOF 5833 5833 6667 72.73| 41.67 3846 8333 3125| 7000 100.00 100.00 47.62 8000 57.14 80.00 61.54
LLF  75.00 4286 8750 50.00( 87.50 5833 87.50 5833 |10000 7000 100.00 63.64 100.00 77.78 100.00 87.50
SS3  66.67 3000 5556 20.83| 66.67 23.08 33.33 20.00| 7143 2174 42.86 13.64 4286 2000 4286 20.00
SS2 4722 38.64 4167 3571 3611 3514 1111 2353 | 4167 5000 4167 3125 3750 4091 41.67 4545
SS1 6200 6327 6200 6596| 58.00 6042 68.00 51.52| 5938 5588 938 30.00 5000 4571 5000 48.48
DGP  63.16 48.98 6842 5532 6316 6154 57.89 S1.16| 4231 6875 3846 52.63 3462 6429 3846 62.50
CUP 6600 8684 6600 91.67| 68.00 91.89 66.00 89.19| 63.64 77.78 63.64 77.78 4242 7368 4545 75.00
AGF 5079 7619 5397 8095 5873 7551 4921 7561| 5417 6842 3750 6429 4792 6571 5208 67.57
BAS 9091 6250 9091 66.67| 9091 8333 90.91 76.92| 8000 3478 8000 4000 70.00 28.00 90.00 34.62
BUL 9286 7222 10000 66.67|100.00 73.68 92.86 86.67 [10000 7500 10000 5217 10000 48.00 100.00 5455
WAT 5263 10000 57.89 100.00| 57.89 100.00 8421 100.00 [ 100.00 100.00 100.00 100.00 9091 100.00 100.00 100.00
NVW 9412 6667 94.12 76.19] 94.12 59.26 82.35 58.33)|100.00 87.50 100.00 87.50 10000 77.78 100.00 8750
OCA 62.67 65.40 62.67 62.67 64.45 55.86 57.42 60.94
KAP 58.69 61.76 58.64 58.65 60.70 51.73 53.09 56.89
VOCA 55.15 61.76 58.17 57.84 58.80 48.61 51.39 54.17
VKAP 53.20 56.25 52.11 51.69 53.19 42.62 45.28 48.16

Note: OCA% and KAP% are overall classification accuracy and kappa coefficient for the 13 land cover classes; VOCA% and VKAP% are
overall classification accuracy and kappa coefficient for the 9 vegetation classes, excluding the four non-vegetated classes; PA% and UA%

are producer’s and user’s accuracy.

Table 6 summarizes the accuracy assessment results based on
six land cover classes. Overall, the SPOT data provide better
classification accuracies than TM and ASTER data. Pasture and
agroforestry classes have relatively poorer classification
accuracies than other land cover classes. The SPOT-Fusion
routine provides better classification accuracies for land cover
classes than SPOTI1234, implying that increasing spatial
resolution but preserving the same spectral resolution improved
the classification performance. Comparing TM2345 and TM-

ALL, spectral bands were added but keeping the same spatial
resolution, which cannot significantly improve classification. In
this case, the accuracies for some classes such as pasture and
water slightly improved, but for other classes such as primary
forest and successional forest they decreased. In the different
routines based on ASTER data, AST123 provides the poorest
classification accuracy, but an addition of SWIR bands
improves classification accuracies, indicating the importance of
SWIR bands in land cover classification.

Table 6. Comparison of classification accuracies among different processing routines based on level | classification scheme

SPOT HRG Landsat TM Terra ASTER

Class  SpOT1234  SPOT-Fusion | TM2345 TM-ALL AST-ALL ASTI123 AST1234 AST12345

PA% UA% PA% UA% |PA% UA% PA% UA%| PA% UA% PA% UA% PA% UA% PA% UA%
PF 8833 9636 90.00 964319500 72.15 9167 7143 86.96 10000 9348 79.63 79.63 97.83 95.65 9778
S8 8632 7387 8842 73.68|71.58 68.00 70.53 65.05| 9206 7250 7619 7273 7273 9048 90.48 77.03
PA 7614 7701 7841 83.13(73.86 8442 7727 B85.00| 5593 7857 5424 7111 7111 3729 4237 T3s3
AL SBI1 7414 5946 7857 58.11 7818 5541 77.36| 6552 6441 5690 6735 6735 6379 6552 61.29
BL 9286 7222 10000 66679286 86.67 92.86 86.67|100.00 7500 10000 52.17 52.17 100.00 100.00 54.55
WB_86.11 91.18 83.33 93758611 7561 91.67 84.62|100.00 94.74 10000 9474 94.74 100.00 100.00 94.74
OCA 78.75 80.38 75.48 75.48 71.713 72.66 74.61 75.78
KAP 73.35 75.44 69.39 69.33 72.06 " 66.05 68.45 69.82




Overall, i e e#"‘:h indicates that increased spatial resolution

such as gpo gata can impmye land cover or vcgetatifm
classificag; uracies. This is because increased spatial
resolution ¢ap reduce Mixture pixels. However, the‘ increased
spectral vapiation Within the intra-class caused by high §pem’a1
resolution oo, te for the benefits from the bmducnon of
mixture Pixels, resulting ip de&_reased accuracy. This may i_mply
that Per-pixel based class_tﬂca_tmn appmaa_h is r_mt very suitable
for high spatial resolution image classification. Texture or
contextual hased classification, or object-oriented classification
approaches mgy bDe better suitable for SPOT image

classification.

5. CONCLUSION

The findings listed above corroborate the difficulty in land
cover classification, especially vegetation classification, when
using optical sensor data for moist tropical areas. No sensor data
or image processing routine can provide the best classification
accuracy for all land cover classes. Overall, SPOT data fusion
image with 5 m spatial resolution provide the best classification
accuracy for 13 and 6 land cover classes or 9 vegetation classes.
Increasing spatial resolution is useful for improving
classification accuracy. Increasing highly correlated spectral
bands cannot improve classification accuracy, but SWIR bands
are important for such task. The classification for SS2 and SS3
are especially difficult because of the confusion between
successional stages and agroforestry.
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