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The studies of impervious surfaces are important because they are related to many environmental problems,
such as water quality, stream health, and the urban heat island effect. Previous studies have discussed that
the self-organizing map (SOM) can provide a promising alternative to the multi-layer perceptron (MLP)
neural networks for image classification at both per-pixel and sub-pixel level. However, the performances of
SOM and MLP have not been compared in the estimation and mapping of urban impervious surfaces. In mid-
latitude areas, plant phenology has a significant influence on remote sensing of the environment. When the
neural networks approaches are applied, how satellite images acquired in different seasons impact
impervious surface estimation of various urban surfaces (such as commercial, residential, and suburban/
rural areas) remains to be answered. In this paper, an SOM and an MLP neural network were applied to three
ASTER images acquired on April 5, 2004, June 16, 2001, and October 3, 2000, respectively, which covered
Marion County, Indiana, United States. Six impervious surface maps were yielded, and an accuracy
assessment was performed. The root mean square error (RMSE), the mean average error (MAE), and the
coefficient of determination (R2) were calculated to indicate the accuracy of impervious surface maps. The
results indicated that the SOM can generate a slightly better estimation of impervious surfaces than the MLP.
Moreover, the results from three test areas showed that, in the residential areas, more accurate results were
yielded by the SOM, which indicates that the SOM was more effective in coping with the mixed pixels than
the MLP, because the residential area prevailed with mixed pixels. Results obtained from the commercial area
possessed very high RMSE values due to the prevalence of shade, which indicates that both algorithms
cannot handle the shade problem well. The lowest RMSE value was obtained from the rural area due to
containing of less mixed pixels and shade. This research supports previous observations that the SOM can
provide a promising alternative to the MLP neural network. This study also found that the impact of different
map sizes on the impervious surface estimation is significant.
© 2009 Elsevier Inc. All rights reserved.
1. Introduction
Land use/land cover (LULC) changes affect the cycling of water,
carbon, and energy, and have been recognized as one of the most
important factors for global environmental change. Urbanization is
the major force that is driving LULC changes (Hasse & Lathrop, 2003),
and the environmental impacts of urbanization are contributed
mostly by impervious surfaces (Lee & Lathrop, 2006). An impervious
surface refers to an anthropogenic surface that prevents water from
infiltrating into soils (Arnold & Gibbons, 1996). The common types of
impervious surfaces can be categorized into two primary components:
the rooftops and the transport system (roads, sidewalks, and parking
lots) (Schueler, 1994). The environmental impacts of impervious
surfaces have been discussed in many previous studies (Galli, 1991;
1 812 237 8029.
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Schueler, 1994; Arnold & Gibbons, 1996; Slonecker et al., 2001; Lu &
Weng, 2006; Yuan & Bauer, 2007), which include impacts on water
cycling, water quality, erosion of construction sites, non-point source
pollution, stream health, and the urban heat island effect. The
impervious surface related environmental issues, as well as the
increased concern about rapid urbanization worldwide, have aroused
a surge of research interests in impervious surface studies.

Satellite remote sensing images have been massively applied for
impervious surface estimation due to their relatively low cost and
suitability for large area mapping (Bauer et al., 2004). Many methods
had been applied successfully for impervious surface extraction in
previous research, including spectral mixture analysis, regression tree,
artificialneural network,multiple regressionand sub-pixel classification
(Civico & Hurd, 1997; Small, 2001; Flanagan & Civco, 2001; Wu &
Murray, 2003; Small, 2003; Yang et al., 2003b,a; Wu, 2004; Bauer et al.,
2004; Lu & Weng, 2006). Wu and Murray in 2003 developed a Linear
Spectral Mixture Analysis model with four end members: high-albedo,
low-albedo, vegetation, and soil. The model was successfully applied to
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ETM+ images. Yang et al. (2003b) used a regression tree model to
map sub-pixel percent impervious surfaces. Civico and Hurd (1997)
built a neural network based impervious surface model. Bauer et al.
(2004) used regression to model the relationship between percent
impervious surface and “tasseled cap” greenness, and then the
model was used to estimate the percentage of impervious surfaces.
Among all the techniques, Artificial neural networks (ANN) have
been widely used due to its advantages over statistical methods,
such as no assumption about the probabilistic models of data, robust
in noisy environments, and the ability to learn complex patterns (Ji,
2000). Although many neural network models have been developed,
the multi-layer perceptron (MLP) feed-forward neural network is
widely used (Kavzoglu & Mather, 2003). MLP has been used in many
different applications, which include: (1) land use/land cover
classifications (Foody et al., 1997; Zhang & Foody, 2001; Kavzoglu
& Mather, 2003); (2) change detection (Li & Yeh, 2002); and (3)
water properties estimation (Schiller & Doerffer, 1999; Zhang et al.,
2002; Corsini et al., 2003). Other applications include forest struc-
ture mapping (Ingram et al., 2005), under-storey bamboo mapping
(Linderman et al., 2004), cloud detection (Jae-Dong et al., 2006), and
mean monthly ozone prediction (Chattopadhyay & Bandyopadhyay,
2007). The neural networks approaches applied to impervious
surface estimation are relatively new. MLP has been applied for
impervious surface estimation (Chormanski et al., 2008; Mohapatra
& Wu, 2007). Chormanski et al. (2008) conducted a multi-layer
perceptron model to map the fractions of four major land cover
classes (impervious surfaces, vegetation, bare soil, and water/shade)
with both high spatial resolution andmedium resolution images. The
study showed that peak discharges derived from impervious surface
information obtained from remote sensing data produced different
Fig. 1. Study area — Indianapolis city prop
results than traditional approaches, and sub-pixel estimation of im-
pervious surface distribution can be used to substitute for the expen-
sive high-resolution based approach for rainfall-runoff modeling.
Mohapatra andWu (2007) also used a three-layer feed forward back
propagation neural network to estimate the percentage of imper-
vious surfaces by creating activation level maps from high spatial
resolution images (e.g. IKONOS), and the results indicated that the
ANN model performed well in urban areas and is promising for
impervious surface estimation from high spatial resolution images.

Although MLP has been widely used, some drawbacks have been
raised by the previous research. For instance, how to design the
number of hidden layers and the number of hidden layer nodes in the
model are challenging issues. Although several methods have been
suggested to estimate the appropriate number of hidden layer nodes,
none of them have been universally accepted (Kavzoglu & Mather,
2003).

Another problem of MLP is that MLP requires the training sites to
include both presence and absence data. The desired output must
contain both true and false information, so that the network can learn
all kinds of patterns in the study area to classify an image accordingly
(Li & Eastman, 2006a). However, in some cases, absence data is not
available. Therefore, MLP might not be suitable for those cases, and
other ANN models should be used. Finally, MLP has the local minima
problem in the training process, which significantly affects the
accuracy of the result.

Self-organizing map (SOM) has not been applied as widely as MLP
(Pal et al., 2005). However, SOM can be used for both supervised and
unsupervised classification and has the properties for both vector
quantization and vector projection (Li & Eastman, 2006a). SOM has
been used for per-pixel classification and sub-pixel classification in
erty (Marion County), Indiana, USA.
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previous studies (Ji, 2000; Lee & Lathrop, 2006). Ji (2000) compared a
Kohonen self-organizing feature map (KSOFM) and an MLP for LULC
classification from remote sensing images at per-pixel level. Seven
classes were selected, and the result showed that SOM provides a
promising alternative to MLP neural network in per-pixel classifica-
tion. Lee and Lathrop (2006) conducted a SOM to extract urban land
cover from the Landsat ETM+ images at sub-pixel level. The result
showed that SOM can generate promising ‘soft’ classification and has
advantages over MLP.

The performances of SOM and MLP have not been compared in
estimation andmapping of urban impervious surfaces. In mid-latitude
areas, plant phenology has a significant influence on remote sensing of
the environment. When the neural networks approaches are applied,
how satellite images acquired in different seasons impact impervious
surface estimation of various urban surfaces (such as commercial,
residential, and suburban/rural areas) remains to be answered. In this
paper, a sub-pixel classification method based on the Kohonen self-
Fig. 2. The flowchart of MLP. (Images and training samples are first input into the model. Then
larger than the initialized threshold value, the weights are modified to minimize the diff
predefined accuracy level or maximum iterations are reached.)
organizing feature map was adopted and applied to three Terra's
ASTER images of Indianapolis, Indiana, United States, acquired in
different seasons for impervious surface estimation. The MLP neural
network was also applied to the same images in order to compare the
results. Their performances were evaluated by conducting an accuracy
assessment for the whole study area as well as for samples of
commercial, residential, and suburban/rural areas. The rest of this
paper is organized as follows: Section 2 describes the study area and
the datasets used; methodology is discussed in Section 3; In Section 4,
the results are presented; Section 5 discusses the problems that were
encountered in this research as well as probable solutions; and
Section 6 presents the conclusions.

2. Study area and datasets

Indianapolis/Marion County, Indiana, USA, was chosen as the
study area (Fig. 1). The city is appropriate for this study because of
, the MLP results are generated, and compared to the testing samples. If the difference is
erence between the actual and desired outputs. The process will be repeated until a



Table 1
The configuration of MLP.

Parameter Value

Hidden layer nodes 4
Learning rate 0.16
Momentum factor 0.57
Sigmoidal constant a 14.48
Accurate rate (%) 95
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three reasons. First, it is a single city without any significant impact
from other large urban areas. Second, the city is located in a flat plain,
relatively symmetrical, and expands in all direction. Finally, like many
other American cities, Indianapolis is undergoing a rapid urban
expansion with the increase in both population and area. The urban
expansion can be characterized as the conversion of adjacent rural
areas into impervious surfaces. Rapid changes of the landscape
without prudent planning might lead to environmental degradation.
Therefore, detailed impervious surface information is crucial to urban
planning and environmental management in the city of Indianapolis.

Three ASTER images ofMarion County, Indiana,whichwere acquired
on April 5, 2004, June 16, 2001, and October 3, 2000, respectively, were
used in this research. ASTER images have 14 bandswith different spatial
resolutions. Two visible bands and one NIR band have a spatial
resolution of 15 m, 6 SWIR bands have 30-m spatial resolution, and 5
TIR bands have a spatial resolution of 90 m. All 14 bands were stacked
together, and an image-to-image registration was conducted. The
images were georectified to Universal Transverse Mercator (UTM)
projection with NAD27 Clarke 1866 Zone 16, by using 1:24,000 Digital
Raster Graphic (DRG)maps as the reference data. Approximately 40–50
ground control points were chosen for each image. The images were re-
sampled to the spatial resolution of 15 mwith the nearest-neighbor re-
sampling algorithm. The root mean square errors (RMSE) for the
geocorrection were all less than 0.3 pixels.

An aerial photo of Marion County with a spatial resolution of
0.14 m was used for classification refinement. The aerial photo was
provided by the Indianapolis Mapping and Geographic Infrastructure
System, and was acquired in April 2003. The coordinate system is
Indiana State Plane East, Zone 1301, with North American Datum of
1983. The aerial photo was re-projected into the same coordinate
system as the ASTER images.
Fig. 3. The structure of the MLP neural network. (Three-layer structure, including: one i
corresponding to 9 ASTER bands, one hidden layer with four nodes for image classification
albedo, low albedo, soil, and vegetation.)
3. Methodology

3.1. Multi-layer perceptron (MLP)

Artificial neural network (ANN) is an interconnected group of
nodes using mathematical methods to process information. It is a self-
adaptive system, which can change its structure based on the internal
or external information. Many ANNmodels have been developed. The
most popular one is the multi-layer perceptron (MLP) feed forward
network (Kavzoglu & Mather, 2003). MLP, as the name indicates, has
multiple layers. The three-layer structure was widely used, due to its
capability to solve most image classification problems. The three
layers include one input layer, one hidden layer, and one output layer.
Each layer is composed of several nodes (artificial neurons). All the
nodes are connected with each other, except for the nodes in the same
layer. The input layer, the hidden layer and the output layer are used
for data input, data processing, and data output, respectively.
Specifically to image classification, the input layer represents the
original image, and each input layer node represents one image band.
The hidden layer is used for image classification and passing the
results to the output layer. The output layer outputs classified images,
and each output layer node represents one land cover/land use
(LULC) class. ANN mimics the functions of human brains. Its learning
ability comes from the learning algorithm, and the widely used one is
back-propagation (BP), also known as delta rules. The process of
learning can be described as that initial weights are initialized and
assigned to each node. Training samples are then input into themodel.
Then, the ANN results are generated, and compared to the testing
samples. If the difference is larger than the initialized threshold value,
the weights are modified to minimize the difference between the
actual and desired outputs. The process will be repeated until a
predefined accuracy level or the maximum iterations are reached. The
flowchart of MLP was shown in Fig. 2.

Constructing an applicable ANN model is a challenge. Many crucial
parameters have to be set up manually, for example, the number of
hidden layers and hidden layer nodes, learning rates, momentum factor,
and training sites. The parameters have to be set up properly to find the
global minimum of error function instead of a local minimum. The
number of hidden layer nodes has a significant impact on classification
accuracy. Too many hidden layer nodes will cause over-fitting of the
model, while too few cannot identify the internal structure of the data
nput layer, one output layer, and one hidden layer. Input layer contains nine nodes
, and one output layer with four nodes corresponding to four land cover classes: high



Fig. 4. The flowchart of SOM. (Images and training samples are first input into the model. A coarse tuning was conducted. The results can be used directly for classification to generate
feature maps. The coarse tuning results also can be used for fine tuning. After fine tuning, the results were classified to generate feature maps.)
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(Kavzoglu&Mather, 2003). If the learning rate is toohigh, themodelwill
not be stable and cannot converge, but if it is too low, themodelmayend
up finding a local minimum (Kavzoglu & Mather, 2003).

In this research, an MLP neural network with a BP learning
algorithmwas applied using IDRISI Andes program. The MLP classifier
used the following algorithm to calculate the input that a single node j
received:

netj =
X
i

wijIi ð1Þ

Where netj refers to the input that a single node j receives; wij

represents the weights between node i and node j; and Ii is the output
from node i of a sender layer (input or hidden layer). Output from a
node j was calculated as follows:

Oj = f netj
� �

ð2Þ

The function f is usually a non-linear sigmoidal function.
In this research, an input layer with nine nodes corresponding to

nine ASTER image bands (VNIR and SWIR), and one output layer with
Fig. 5. Relationship between the map size and the impervious surface estimation (the
June image was used as an example. The plot showed that when the maps size changed,
the accuracy of impervious surface estimation varied. The map size of 4×4 was the best
in this case).
four nodes corresponding to four land cover classes, i.e., high albedo
(e.g. concrete and sand), low albedo (e.g. water and asphalt),
vegetation (e.g. grass and trees), and soil, were used. Albedo is
defined as the ratio of diffusely reflected energy to the incident
electromagnetic radiation. In general, high albedomaterials are bright,
and low albedo materials are dark in the image. The number of the
hidden layer nodes could be calculated by the formula as follows:

Nh = INT
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Ni × No

p
ð3Þ

Where Nh is the number of hidden layer nodes, h refers to the
hidden layer, Ni is the number of input layer nodes, i refers to the input
layer, No is the number of output layer nodes, and o refers to the
output layer. The formula suggested that the number of hidden layer
nodes should be six. However, after numerous tests, the network with
four hidden layer nodes came out with the best result. Therefore, four
hidden layer nodes were used in the model.

Thirty training samples for each land cover class, including high
albedo, low albedo, soil, and vegetation, were manually selected from
original images. Each sample had different size and contained a
certain amount of pixels (e.g. N30 pixels) tomake sure that therewere
enough pixels to be used for training and testing. All of the samples
were distributed evenly in the image to represent the variety of
spectral reflectance within the class. One hundred pixels per class
were used for training, while another one hundred per class will be
used for testing. The accuracy rate was set to 95% in this study. If 95%
accuracy rate cannot be reached, a predefined iteration limit (10,000
times in this case) would stop the training process. Kavzoglu and
Mather (2003) suggested that the value of a learning rate should be
Table 2
The configuration of SOM.

Parameter Value

Input layer neuron number 9
Output layer neuron number 4×4
Initial neighborhood radius 6.66
Minimum learning rate 0.5
Maximum learning rate 1
Coarse tuning iterations 25,935



Fig. 6. The structure of the SOM neural network (Two layer structure, including: one
input layer and one output layer. Input layer contains nine nodes corresponding to 9
ASTER bands, and the structure of the output layer is 4×4).
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chosen between 0.1 and 0.2, while a momentum factor can be selected
from a range between 0.5 and 0.6. The parameters used in this
experiment were shown in Table 1.

The outputs of MLP are called activation level maps, and the
number of activation level maps is equal to the number of output
nodes. The value of each pixel in the activation level map represented
the degree to which a pixel belongs to a class. The sum of activation
values of all the land cover classes for any given pixel will not
Fig. 7. Method of sample selection and obtaining reference data of impervious surfaces. (Red
sites are enlarged and shown in this figure. The blue areas refer to the digitized imperviou
residential area, and one rural area. Each has a dimension of 1 km×1 km.) (For interpretation
of this article.)
necessarily be one due to the outputs being obtained by a fuzzy
process. In this research, four activation level maps were obtained,
including high albedo, low albedo, vegetation, and soil. The fractions
of impervious surface were obtained by adding high and low albedo
activation level maps by using the method developed by Wu and
Murray (2003). The structure of MLP used in this experiment was
shown in Fig. 3.

3.2. Self-organizing map (SOM)

In this research, a sub-pixel classification based on Kohonen's self-
organizing map (SOM) neural network was performed on the three
ASTER images for impervious surface estimation. An SOM is composed
of two layers: one input layer and one output layer. The input layer
represents the input feature vector and contains neurons for each
measurement dimension (e.g. image bands) and the output layer of
SOM, also called the competitive layer, is usually organized as a two-
dimensional array (typically square) of neurons. Each output layer
neuron is connected to all the neurons in the input layer by synaptic
weights, and the weights will be initialized randomly from 0 to 1.

The procedure of SOM begins with a coarse tuning in which the
learning procedure will adjust the weights based on normalized input
feature vectors and the lateral interaction between neurons in the
output layer. During the learningprocess, the radius of the zoneof lateral
interaction will decrease. Coarse tuning will make input patterns with
similar attributes cluster in the neuron layer, and neuronweights,which
represent the underlying clusters and sub-clusters in the input data,will
dots represent the samples, which are 6 pixels×6 pixels and 90 m×90 m. Five sample
s surfaces. Blue squares represent three test areas, including one commercial area, one
of the references to color in this figure legend, the reader is referred to the web version



2095X. Hu, Q. Weng / Remote Sensing of Environment 113 (2009) 2089–2102
be generated. After the SOM competitive layer was organized, a
procedure called code book labeling phase will be performed to
determine which class each output neuron belongs to. To achieve this,
a procedure called majority voting was performed, in which training
data will first be processed by coarse tuning, and the training site class
which is most frequently assigned to a neuron, becomes its label. The
next stage will be a fine tuning using learning vector quantizations
(LVQs) to improve the discriminability of decision boundaries. Finally,
each image pixel will be assigned the class of neuron that its reflectance
patterns trigger (Li & Eastman, 2006b). The flowchart of SOM used in
this experiment was shown in Fig. 4.

Numerous tests were conducted. The best result was generated by
coarse tuning, instead of fine tuning. Therefore, in this experiment,
only coarse tuning was conducted on the original images to yield the
results. Different SOMmap sizes were also tested in this study, and the
results appeared to have significant differences (Fig. 5). The size of
4×4 appeared to be the best in the plot in terms of the accuracy of
impervious surface estimation. Therefore, the map size of 4×4 was
used for processing. Numerous parameters need to set up manually,
such as initial neighborhood radius, minimum learning rate, and
maximum learning rate. After numerous tests, the parameters which
can yield the best result were selected, as shown in Table 2.

In this research, two algorithms based on SOMwill be applied. One
is called SOM commitment (SOM-C) and the other is SOM typicality
(SOM-T). The first algorithm, SOM-C, is close to probability. During the
labeling stage, a competitive layer neuron can be triggered by different
patterns, and meanwhile, the same patterns may trigger different
neurons as well. The degree of commitment indicating how much an
Fig. 8. Activation level maps (derived from ASTER images using the MLP neural network. Ma
2004, June 16, 2001, and October 3, 2000, respectively).
input pattern belongs to a class can be measured by the following
equation:

Ci =
Pi jð Þ

Pm
i=1

Pi jð Þ
ð4Þ

Where Pi(j) is the proportion of training site of class i, triggering
neuron j, and Pi(j) can be calculated as:

Pi jð Þ = fi jð Þ
Ni

ð5Þ

Where fi(j) is the frequency of neuron j triggered by pixels labeled as
class i, andNi is the total number of samples of class i in the training sites.

For the second algorithm, SOM-T, unlike SOM-C, the maximum
triggering frequency within the underlying class of interest is used,
instead of the sum of frequencies from classes or the accumulated
frequency. The mathematical expression is shown as follows:

Ti =
fi jð Þ

max
i

fi jð Þf g ð6Þ

Unlike the SOM-C, the SOM-T algorithm considered the variability
within the class (Li & Eastman, 2006a). In this paper, both algorithms
were tested, and the best result was used to compare with the MLP
neural network. Four feature maps were obtained, including high
albedo, low albedo, vegetation, and soil. The fractions of impervious
ps include high albedo, low albedo, vegetation and soil. The dates of images are April 5,
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surface were obtained by adding high and low albedo feature maps
using the method presented byWu and Murray (2003). The structure
of SOM used in this study was shown in Fig. 6.

3.3. Accuracy assessment

A total of 400 sites of 90m×90mwere randomly sampled.We used
high quality 2003 color orthophotos at 1:9600 scale, after being
registered to the ASTER images, as the reference. The proportion of
impervious surface coverage was calculated for each site. Fig. 7
illustrates the design of sample plots and the method for obtaining
referencedata by digitizing impervious surfacepolygonswithin selected
samples. The RMSE, the mean average error (MAE), and the coefficient
of determination (R2) were then calculated to indicate the accuracy of
impervious surface estimation. Below were the equations used:

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
PN
i=1

Îi− Ii
� �2

N

vuuut
ð7Þ

MAE =
1
N

XN
i=1

j Ii − Îi j ð8Þ

R2 =

PN
i=1

Îi − I
� �

PN
i=1

Ii− I
� �2 ð9Þ

where Îi is the estimated impervious surface fraction for sample i; Ii is
the impervious surface proportion computed from the aerial photo; I ̄

is the mean value of the samples; and N is the number of samples.
Fig. 9. Feature maps. (Four feature maps were obtained, in
Three test areas were selected for further evaluation of the
performance of the SOM and the MLP in handling the mixed pixels.
These areas included one commercial area, one residential area, and
one rural area. The logic behind the selection of the three areas was
that the residential area contained a large portion of mixed pixels,
while the commercial area and the rural area contained less mixed
pixels. The results provided a direct evidence for which algorithm, the
SOM or the MLP, was better in coping with mixed pixels. For the test
areas, each was 1 km×1 km. In each area, twenty samples, which
were 90 m×90 m, were randomly selected for the accuracy
assessment.

4. Results

In this paper, both the SOM and the MLP neural network were
conducted on the three ASTER images for impervious surface
estimation. Four activation level maps and four feature maps of high
albedo, lowalbedo, vegetation, and soil were generated for each image
(Figs. 8 and 9). The activation level maps and the feature maps
appropriately delineate the spatial pattern of each land cover type in
the study area. Impervious surface maps were yielded by the method
that was discussed above. The same process of removing spectrally
confusedmaterials (e.g. water, shade, and dry soils) was performed on
all the impervious surface maps.

Fig. 10 illuminates the impervious surfaces extracted from the
three ASTER images by the two algorithms. Although therewere slight
differences between the impervious surface maps, they shared similar
spatial patterns of impervious surface distribution. Most of the
impervious surfaces were located in the central business district
(CBD) area and distributed along the transportation lines. An accuracy
cluding high albedo, low albedo, vegetation, and soil.)



Fig. 10. Final impervious surface maps of Indianapolis, U.S.A. Color maps were produced by classify the data into five categories with equal intervals. (a) Impervious surface maps generated
using MLP; and (b) Impervious surface maps generated using the SOM.
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assessment was conducted to evaluate the results. Table 3 showed
that the SOM generated slightly better results than MLP for all images.
For the June image, MLP yielded a result with an RMSE of 12.3%, an
MAE of 9.0%, and an R2 of 0.771. The SOM generated the result with an
RMSE of 11.8%, an MAE of 8.0%, and an R2 of 0.775. For the April image,
MLP yielded a result with an RMSE of 19.6%, an MAE of 13.4%, and an
R2 of 0.586. The SOM generated the result with an RMSE of 19.4%, an
MAE of 14.1%, and an R2 of 0.527. For the October image, MLP yielded a



Table 3
Accuracy assessment of impervious surface maps.

Algorithm Date of image RMSE (%) MAE (%) R2

MLP April 2004 19.6 13.4 0.586
June 2001 12.3 9.0 0.771
Oct. 2000 18.7 12.7 0.581

SOM April 2004 19.4 14.1 0.527
June 2001 11.8 8.0 0.775
Oct. 2000 17.2 11.4 0.616

Table 4
Accuracy Assessment of selected test areas.

RMSE (%) Commercial Residential Rural

MLP April 2004 20.3 26.7 16.1
June 2001 19.6 12.0 10.9
Oct. 2000 23.9 24.4 15.0

SOM April 2004 28.9 22.0 16.3
June 2001 18.2 11.9 11.7
Oct. 2000 26.0 17.5 15.3
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result with an RMSE of 18.7%, an MAE of 12.7%, and an R2 of 0.581. The
SOM generated the result with an RMSE of 17.2%, an MAE of 11.4%, and
an R2 of 0.616.

An accuracy assessment was also conducted for three selected
areas, including one commercial area, one residential area, and one
rural area (Table 4). In the residential area, more accurate result was
yielded by the SOM, which indicates that the SOM was more
effective in coping with the mixed pixels than the MLP, because the
residential area prevailed with mixed pixels. Results obtained from
the commercial area possessed very high RMSE values due to the
prevalence of shade, which indicates that both algorithms cannot
handle the shade problem well. The lowest RMSE value was ob-
tained from the rural area due to containing of less mixed pixels and
shade. In the rural area, the two methods generated quite different
results. The SOM tended to confuse the dry soils with impervious
surfaces, and MLP can differentiate the impervious surfaces from
dry soil better than SOM. The feature maps and the activation level
maps showed that more dry soils were included in the high albedo
image of the feature maps than that of the activation level maps.
Fig. 11 shows impervious surface maps derived in the three selected
areas.

The results further show that there were seasonal differences in
which the June image appeared to be the best for impervious surface
extraction due to plant phenology. The quality of the impervious
surface map was slightly improved by the SOM over the MLP for the
June image. However, there were significant improvements by the
SOM for the April and October images in terms of statistical accuracy.
Mapping impervious surfaces were the reverse of mapping vegetation
abundance. The more the vegetation, the less the confusion in
estimating impervious surfaces. This is because vegetation had a
very different spectral signature from impervious surfaces. When tree
leaves fell off, remote sensors tended to sense the energy from tree
trunks and twigs. And when crops were harvested, the bare soil was
exposed. The spectral signature of dry soils was similar to that of
bright impervious surfaces. This confusion could lead to a less accurate
estimation of impervious surfaces. This is why the June image
achieved a better result than the April and October ones. In Indiana
on June 16, grass had already grown, tree canopies had been fully
developed, and crops had started to grow. The vegetation was
abundant at that time. Nevertheless, on April 5, the tree canopy had
not appeared yet. Grass and pasture were in their very early stages,
while there was no crop. Soils in the fields were sometimes mixed
with crop stems, and at other times, they were exposed. On October 3,
grass and tree canopies began to degrade a little, but most of them
were still there with good conditions. Most crops had been harvested
or turned yellow, and croplands were clearly identifiable due to the
change in their spectral signatures. The vegetation abundance in
October was between April and June. The change of vegetation
abundance and associated changes in its spectral signature within a
year had an obvious impact on image analysis in general, and in
impervious surface estimation and mapping in particular.

Scatter plots of the accuracy assessment (Fig. 12) showed that
there was overestimation in the less developed area, while under-
estimation in areas with high proportions of impervious surface
coverage, and this phenomenon existed in most of the impervious
surface maps, regardless of the SOM or the MLP methods being used.
This can be explained by the loss of impervious surfaces covered by
shadows in the central business district (CBD) area and the confusion
of dry soils in the rural areas during the extraction.

5. Discussions

The MLP neural network is widely used in the remote sensing
studies (Atkinson & Tatnall, 1997). It also has been applied for
impervious surface estimation with a fair amount of success
(Chormanski et al., 2008; Mohapatra & Wu, 2007). However, the
MLP neural network contains some limitations. First, MLP is sensitive
to the network structure, i.e., the hidden layer number and its node
number. The number of hidden layer nodes defines the complexity of
the neural network, significantly affecting the classification accuracy
and the training time. Although there are several methods which have
been suggested to estimate the appropriate number of hidden layer
nodes, none of them have been universally accepted (Kavzoglu &
Mather, 2003). Second, MLP requires the training sites to include both
presence and absence data. The desired output must contain both true
and false information, so that the network can learn all kinds of
patterns in the study area to classify accordingly (Li & Eastman,
2006a). Third, MLP has the local minima problem. The training
process stops at a local minimum instead of the global minimum.
Fourth, the learning process of the BP algorithm is time-consuming
(Tzeng et al., 1994). Finally, the training process of the BP algorithm is
not consistent.

Unlike MLP, SOM can overcome those drawbacks. First, SOM is a
two-layer structure, including one input layer and one output layer.
Therefore, the dilemma of determining the hidden layer size is
avoided. Second, SOM is capable of coping with presence-only data (Li
& Eastman, 2006a). Third, the SOM is not affected by the local minima
problem in the training process and is insensitive to the structure of
the codebook vector map (Lee & Lathrop, 2005). Fourth, the feature
map is a faster learner. Finally, the feature map is also more consistent
than the BP algorithm (Ji, 2000).

Although the SOM has advantages over the MLP neural network,
the classification process of the SOM is slower than the MLP, and the
accuracy level is heavily related to the size of the feature map. In this
paper, two algorithms, SOM commitment and SOM typicality, were
conducted. However, the impact between these two algorithms on the
performance of the SOM neural networks was not as much as
changing the SOM map size. Different SOM map sizes were tested in
this study, and the results appeared to have significant differences.
The sensitivity analysis results showed that too few or too many
neurons significantly increased the RMSE of the estimation result.
Therefore, an appropriate size of the SOMmap needs to be established
to achieve the best result of impervious surface estimation. The
number of the samples selected for each class also affects the
performance of the SOM neural network. Classes with more training
samples will be more accurately distinguished, because more code-
books were occupied and few samples results in fewer codebooks
being activated during training (Ji, 2000). Therefore, the number of
samples selected for each class needs to be balanced.

The difficulties also came from the spectrally confused features
(e.g. water, shade, and dry soils) in the satellite images. Water and
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shade often share similar spectral characteristics with dark imper-
vious surfaces, while dry soils tend to be confused with bright
impervious surfaces. The spectral similarity brings more difficulties to
distinguish impervious surfaces from non-impervious materials. The
spectral similarity would be more complicated when plant phenology
is considered (Weng & Hu, 2008).
Fig. 11. Impervious surface maps in three selected areas, including one commercial area, on
SOM; and (b) Impervious surface maps generated using MLP.
6. Conclusions

In this paper, an SOM and an MLP neural network were applied to
three ASTER images covering Marion County, Indiana, U.S.A., acquired
on April 5, 2004, June 16, 2001, and October, 3 2000, respectively, to
evaluate and compare these twomethods in terms of the effectiveness
e residential area, and one rural area. (a) Impervious surface maps generated using the



Fig. 11 (continued).
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in estimation and mapping of urban impervious surfaces. Six
impervious surface maps were yielded. The results indicated that all
maps can generally delineate the spatial patterns of the impervious
surface distribution within the study area. An accuracy assessment
was carried out. The RMSE, the MAE, and the R2 were calculated for
each map. The results indicated that the SOM generated a slightly
better result of impervious surface estimation than the MLP neural
network.

The results of our study support previous observations by Ji (2000)
and Lee and Lathrop (2006) that the SOM algorithm provides a
promising alternative to the MLP neural network for image classifica-
tion at both per-pixel and sub-pixel level. Although SOM generated



Fig. 12. Scatter plots of accuracy assessment results. (The scatter plots indicate that there was overestimation in the less developed area, while underestimation in area with high
proportions of impervious surface coverage. This phenomenon existed in all the impervious surface maps, regardless of MLP or SOM method being used.)
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better results than MLP in this case study, if the SOM can consistently
yield better results than MLP is still unknown. More study areas need
to be tested in the future study. Moreover, the impact of different map
sizes on the impervious surface estimation is significant. Too many or
too few neurons in the SOM model significantly increased the RMS
error of the impervious surface estimation results. Therefore, an
appropriate size of the SOM map needs to be established to achieve
the best results of impervious surface estimation.
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