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Abstract 
The performance of difference machine learning algorithms 
for detecting nature of change was compared. To alleviate the 
problem of obtaining enough training data, simulated training 
data were generated from single-date images. A one-pass 
classification with four machine learning algorithms, namely 
Multi-Layer Perceptrons [MLP), Learning Vector Quantization 
(LVQ~, Decision Tree Classifiers (DTC), and the Maximum- 
Likelihood Classifier (m~), were tested. Recognition rates, 
ease of use, and degree of automation of the four algorithms 
were assessed. The results showed that the incorporation of 
cross-combined simulated training data enhanced the 
detection of nature of change. Compared to conventional post- 
classification comparison methods, LVQ and DTc did better in 
terms of overall accuracy. In terms of average accuracy of the 
change classes, LVQ was the best performer. DTC was the easiest 
to use and the most robust in training. MLP procedures were 
the most dificult to replicate. 

Introduction 
Change-detection methods can be categorized into change 
enhancement techniques and nature-of-change detection tech- 
niques (Singh, 1989; Mouat et al., 1993). Enhancement tech- 
niques locate changes and the magnitude of changes but do not 
deliver the information of the nature of change. Popular change 
enhancement techniques include image differencing, image 
ratioing, and Principal Components Analysis (Muchoney and 
Haack, 1994; Macleod and Congalton, 1998; Yuan and Elvidge, 
1998; Sohl, 1999). These techniques require an optimal thresh- 
old to mask out the change pixels from the unchanged pixels. 
The optimal threshold is usually determined by trying different 
standard deviations from the mean of a differenced image, rati- 
oed image, or, in the case of Principal Component Analysis, the 
selected images of the transformed bands believed to contain 
change information. To obtain quality information on the 
nature of change, a further classification process is needed for 
the enhancement techniques. 

The intuitive method for obtaining nature-of-change infor- 
mation is the post-classification comparison method (Howarth 
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and Wickware, 1981; Singh, 1989). This method performs 
pixel-by-pixel comparison of two single-date classified images 
and generates a full change matrix. Its problem, however, is the 
propagation of error inherited in each classification process. A 
way to improve interpretability of this method is to apply a 
change mask prepared by enhancement techniques, and only 
those pixels classified as change will proceed to a second-date 
classification (Macleod and Congalton, 1998). This approach, 
while necessary sometimes, demands more human input as it 
involves two single-date classification procedures and one 
implementation of change-detection techniques. 

Many recent studies of change detection have focused on 
enhancement techniques (Price et el., 1992; Muchoney and 
Haak, 1994; Lyon et al., 1998; Yuan andElvidge, 1998; Tokola et 
al., 1999). Various vegetation indices have been widely experi- 
mented with for image differencing techniques (Lyon et al., 
1998), and the preprocessing of raw images, including normal- 
ization procedures and radiometric calibrations with historic 
scenes, have also been examined (Yuan and Elvidge, 1998; 
Tokola et al., 1999). Some explored the use of multilayer per- 
ceptrons for change detection, and they found that a neural- 
network-based method is superior to conventional techniques 
(Gopal and Woodcock, 1996; Dai and Khorram, 1999). While 
current developments in change-detection research has contin- 
uously enhanced our understanding of conventional enhance- 
ment techniques and new methods, they have not been able to 
take advantage of the developments in closely related fields 
such as machine learning. 

Recent developments in data mining has been motivated 
by the fact that no single classification algorithm is superior to 
the others for every task, and, hence, in order to choose the best 
algorithm, conceptually different algorithms have been tested 
using benchmatk data sets (Kohavi et al., 1997). To choose the 
best algorithms for a specific task, users are advised to consider 
not only classification accuracy, but also comprehensibility, 
compactness, and robustness in training and classification. 
Machine learning has been a term used to describe the auto- 
mated procedures with which the knowledge can be acquired 
(Carbonell et al., 1983). The procedure of the image classifica- 
tion process should be replicable, repeatable, and, hence, as 
automated as possible. 

This paper describes the use of simulated data for training 
with a one-pass classification (Dai and Khorram, 1999). The 
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method simplified the efforts by half as compared to post-clas- rougher. The definition of the enhanced version of backpropa- 
sification comparison techniques. We tested four classification gation described below follows the connotations used in the 
algorithms widely used in the field of machine learning and SNNS manual (Zell et al., 1995). The adjustment of weights (A 
compared their recognition rates, ease of use, and degree of wij) between units i and j at time (t + 1) in relation to time (t) 
automation. reads as follows: 

Algorithms 
Multl-Layer Perceptron 
Artificial neural networks (ANN) have undergone vigorous 
development in the last decade, and the most widely experi- 
mented ANN with remotely sensed data is multi-layer per- 
ceptrons (MU) using backpropagation as a training algorithm. 
An MLP is a feed-forward network consisting of one input layer, 
one output layer, and one or more hidden layers. The number 
of processing units at the input layer is equal to the dimension- 
ality of the input vector. For the purpose of land-use classifica- 
tion, the number of processing units at the output layer is the 
same as the number of the classes intended for the classification 
scheme. Processing units between any two consecutive layers 
are fully connected with weighted links. Just as linear regression 
is used to find the set of coefficients that yield the minimum 
error, backpropagation with gradient descent is proposed 
(Rumelhart et al., 1986) to minimize the mean square error 
between the actual output of MLP and the desired output. A con- 
cise description of the algorithm can be found in Lippman 
(1987) or Richards (1993, Chapter 8). 

Neural network models have advantages over statistical 
methods in that they are distribution-free and thus impose no 
prior assumptions on the statistical distribution of the data. In 
this regard, they are similar to other non-parametric 
approaches such as the K-nearest-neighbor algorithm. Once 
trained, neural networks are computationally efficient. Many 
have reported the promising side of ANN in handling multi- 
source data and that neural networks outperformed conven- 
tional methods (Benediktsson et al., 1990; Lee et al., 1990; 
Bischof et al., 1992; Yoshida and Omatu, 1994; Foody et al., 
1995; Bruzzone et al., 1997; Kanellopoulos et al., 1997). Never- 
theless, some reports suggested that some conventional tech- 
niques can be easily modified to have performance on par with 
ANN and that the usefulness of the ANN approach would 
depend on the application (Foody et al., 1995; Skidmore et al., 
1997) 

Two major difficulties concern the use of MLP: 

How to determine the optimum structures (number of hidden 
layers and the number of hidden units) of an MLP? 
How to choose the appropriate parameter settings such as the 
learning rate and momentum? 

Lippman (1987) suggested that an MLP with no more than two 
hidden layers should be enough to generate an arbitrarily com- 
plex decision boundary. MLPs with more than one hidden layer 
are harder to use because they add the problem of hidden struc- 
tures and lengthen training time. However, some studies 
reported that they would alleviate the problem of local minima 
and perform better than MLP with a single hidden layer (Lee et 
a]., 1990; Kanellopoulos et al., 1991). 

Regarding the optimum number of hidden nodes for each 
hidden layer, some suggestions were given by Lippmann 
(1987) and Pao (1989, p. 129). However, the question does not 
yet have a satisfactory answer. It suffices to mention here that 
there is still no strong theory to deal with this problem, and the 
right structures of MLPS have to be found by experiments. More 
discussions can be found in Bishop (1995) and Ripley (1996). 

In this study we used the Stuggart Neural NetworkSimula- 
tor v4.0 (better known as SNNSv4.0) (Zell et al., 1995) for all of 
our MLP training. A variant of backpropagation was chosen 
which takes a third parameter: the flat spot elimination value. 
This additional parameter prevents dragging on a flat error sur- 
face by adding a jump. It decreases when the error surface is 

where 

Sj = (f,! (net,) + c)(t - oj) if unit j is an output unit, and 
4 = ( f j  (netj) + c) 2 S,W,~ if unit j is a hidden-unit; and 

where 7 is the learning rate, p is  the momentum term, and cis 
the flat spot elimination value. 

Learning Vector Quantization 
Learning Vector Quantization (LvQ) is closely related to Vector 
Quantization (vQ) and Self Organizing Map (SOM) (Kohonen, 
1995). Both VQ and SOM are unsupervised methods using adap- 
tive adjustment of codebook representative vectors to define 
class boundaries in the input space. 

SOM is a different kind of neural network in that the learned 
cells contain topological information about the input space. 
SOM consists of two layers, a one-dimensional layer of input 
units and a two-dimensional grid layer with an arbitrary num- 
ber of units. Each unit in the input layer is connected to all the 
units at the grid layer. After an arbitrary number of codebook 
vectors is initialized, each of the input patterns is compared 
successively to all the codebook vectors based on some dis- 
tance measurement. The basic idea is competitive learning. The 
codebook vector closest to the input pattern will be updated to 
match more closely to the input vector, and all the other code- 
book vectors will remain unchanged. The topological relation- 
ship is achieved by creating a neighborhood relationship 
among units during learning, meaning that not only the best- 
matching codebook vector is adjusted but also its neighborhood 
is adapted. After all the input patterns are presented, the code- 
bookvectors are tuned to different domains in the input space. 
Just like other unsupervised methods, the number of clusters is 
arbitrarily defined. 

For supervised learning, Kohonen (1995) presented LvQ, a 
supervised version of SOM which can be used to fine tune the 
result from the latter. LVQ defines class borders according to the 
nearest-neighbor rule, but these borders (the midplanes 
between neighboring codebook vectors) only resemble those of 
the Voronoi sets in VQ. VQ is a classical method in signal pro- 
cessing for data compression (Gersho and Gray, 1995). A Voro- 
noi quantizer is an optimum quantizer that minimizes the 
average distortion during the compression process. Because the 
training process of LVQ does not define a neighborhood around 
the "winner," no spatial order of the codebook vectors is 
formed. After training, a subset of the codebook vectors is 
assigned to each class, and an unknown input vector is 
assigned to the same class as the closest codebook vector. 

Kohonen (1995) provides three versions of ~v~algor i thms 
based on a different philosophy. The LVQl and LVQ3 aim at 
robust learning and quick convergence. LVQZ optimizes the rel- 
ative distance between the codebook vectors and the class bor- 
ders. Another version, OLVQI, is a modified version of LVQI (the 
'0' represents the optimized-learning-rate) to assign an indi- 
vidual learning-rate factor to each codebook vector. Both OLVQl 
andLVQl were used for this study. 

For an input variable x (t) and m, (t) as the sequential values 
of the codebookmiat discrete time domain, t = 0,1,2, ..., the 
basic LVQprocess is defined by 

if x and m, belong to the same class, 
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mc(t + 1) = m,(t) + a(t)[x(t) - m,(t)l 

if x and m, belong to different classes, and 

mi(t + 1) = mi(t) 

split info (M) = - 
i=1 Ixl 

Further details about the calculation of gain ratio can be found 
in Quinlan (1993). 

for i # c. MaximumLlkellhaod ClassMer 
The symbol a is  the learning rate at discrete-time t and Cis The maximum-likelihood classifier (MLC) assumes that the 

the index of "winner" defined by training data for each class in each band are normally distrib- 
uted. For each class k, MLC computes the mean vector mk and its 

c = arg min{ll x - m,lJ). covariance matrix Covk for all the selected bands b = 1,2,3, ..., 
i n. An unknown vector X is classified as class kif and only if 

Decision Tree ClassMem Probk r Probi, where i = 1, 2, 3, ..., m classes W o  major advantages of decision trees are that they do not 
impose statistical assumptions on data distribution and that and the tree built for the classification is structurally explicit and 
hence readily interpretable. A classification tree is constructed 
automatically by some predefined rules. These rules define Probk = [-O.5loge(det(CovJ)1 - [0.5(X - mJT (Cov~;l)(X - mJ]. 

which variables (or metrics) to divide on and how a split is cre- 
ated. After a decision tree is built, it can be used for the classifi- While its assumptions on data normality are based on thin 
cation of unknown cases. An unknown case is classified air and do not stand up to reality, one advantage of the MLC 

according to the framework tree and falls algorithm is that it can include a priori class information to 
into one of the end nodes (leaves). improve accuracy (Swain and Davis, 1978; Jensen, 1996). It has 

~h~ use of decision trees for land classification have been been established as the standard statistical method for classify- 
tested on remotely sensed data at different scales (Fried and ingremotel~ sensed data- 
Brodley, 1997; DeFries et al., 1998; Friedl et al., 1999; Hansen et 
al., 2000). Land-cover classification results from these studies Data mription 
show that decision trees can be used as an alternative to the con- Multispectral SPOT images of Hang Kong (Grid lt&mnce S Y ~ -  
ventional maximum-likelihood classifier. In addition, variants tern HJ: 3861 305) acquired on 14 January 1987 and 05 Fd~ru- 
of decision trees (Friedl and Brodley, 1997) and wrapping tech- W 1995 were used forthe The images are very close in 
niques such as boosting (Friedl et al., 1999) can improve accu- their anniversary dates* with a difference of only 22 days. Both 
racy considerably. images are of good quality and free of clouds. For our experi- 

The classification tree used for this study is C5.0, devel- ments. a sub-image 226 203 pixels covering Tsing-~i 
oped by J. R. Quinlan. The split rule of ~ 5 . 0  is based on the I~land was extracted as the study site (Plate 1). AS a result of the 
information gain ratio (Quinlan, 1993) which is defined as Port and Airport Development Strategy and Metroplan, large- 

scale reclamations and hill-leveling projects have been carried 
gain ratio (M) = gain (M) / split info (M) out on Tsing-yi Island. Enormous land-use changes can be 

found at the northwestern part of the island where engineering 
works had been undertaken for the construction of the Tsing- where gain (M) is the information gain after an attribute M is Ma Bridge. The bridge links the flank of the Kowloon chosen as a test for the training samples to divide on, and split Peninsula to the northern seafront ofLantau Island. To provide 

info is the information generated when Xtraining space for a highway, a long strip of vegetated hill slope at the are partitioned into n subsets. northwest of the island was leveled. Housing projects, both Suppose we have a set of training Xand each public and private, were observed in progress at the northeast- ple x belongs to a class kjwhere j = 1, ..., m; info (XI is the aver- ern part island, Hi&-rise residential buildhgs over 30 age amount of information measured in bits needed to classify stories in height were being built. Reclamation is also observed a sample. It is defined as at several s ~ o t s  along the coastal area. 
Some principles have been established for rectifying 

frsq(kj* XI 
log, info (XI = -x multitemporal images geometrically to a common map projec- 

i=l 14 tion and for correcting for spectral differences caused by differ- 
ent weather conditions (Jensen et al., 1997). However, a lack of 

wherefreq(kj, X) is the number of samples from the set Xthat 
belong to class kj and 14 is the number of training samples in 
set X. If S is any set of training samples, info (X) is also known 
as the entropy of the set S. Consider that the set Xis partitioned 
into n subsets Xi (i = 1, ..., n) according to a test M, then the 
weighted sum over the subsets will be the expected informa- 
tion requirement infoM(X) for classifying a sample. It is 
defined as 

The information gain gain info (X) after applying a test M is 
equal to info(X) - infoM(X). Similar to the definition of info 
(X), but as in the case of any sample sets S, split info (M) can be 
determined by 

atmospheric parametericould make radiometric rectification 
difficult, and some results show that calibration of multitempo- 
ral images would reduce accuracy rates slightly (Collins and 
Woodcock, 1996). After examining the quality of the images, 
which were close in their anniversary dates, with little sun- 
angle and look-angle differences, we decided to apply a mini- 
mal atmospheric correction to the images. A histogram adjust- 
ment was employed to minimize the influence of haze (Jensen 
et al., 1995). For the purpose of this study, the 1995 image was 
geometrically rectified to the 1987 image with a root-mean- 
square error less than 0.25 pixel (Townsend et al., 1992). How- 
ever, we acknowledge the importance of the atmospheric cor- 
rection for change-detection applications, in particular when 
multi-date images are not of the same anniversary dates. Such 
corrections are usually applied by normalization based on one 
of several images acquired at different times (Eckhardt et al., 
1990; Hall et al., 1991; Jensen et a]., 1995). 
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TABLE 1. A TOTAL OF 16 CHANGE CLASSES WERE FORMED. EACH CLASS 
REPRESENTS ONE TYPE OF CHANGE. FOR EXAMPLE, CUSS 7 IS A CHANGE 

FROM (CONSTRUCTION SITE) IN 1987 TO (VEGETATION) IN 1995 

From (row:1987) Built- Construction 
To (column:1995) up land site vegetation water 

Built-up land Class 1 Class 2 Class 3 Class 4 
Construction site Class 5 Class 6 Class 7 Class 8 
vegetation Class 9 Class 10 Class 11 Class 12 
water Class 13 Class 14 Class 15 Class 16 

Reference data included aerial photos and land-use maps. 
Aerial photos were purchased from the Survey and Mapping 
Office (SMO) of Hong Kong's Lands Department on the closest 
available dates. Aerial photos purchased included black-and- 
white photos taken on 04 October 1987 at both 4,000 and 10,000 
feet and color photos taken on 12 February 1995 at 3,500 and 
10,000 feet. Reference maps included a 1:50,000-scale land-use 
map produced by the World Wide Fund for Nature Hong Kong 
in 1993 and a 1:50,000-scale topographic map from SMO in 
1994. 

Methodology and Data Preparation 
To prevent the problem of inaccurate propagation in the post- 
classification comparison method, we employed a supervised 
method to handle multi-date channels as one merged image 
(Dai and Khorram, 1999). Let (X) be a vector of a multi-tempo- 
ral pixel in a ZN-dimensional feature space (X(tl)l, X(n)2, ..., 
Xlfl)~, X[t2)3, X(t2)2, ... , X [ ~ ) N )  where XfflIN is the brightness value 
in spectral band N at time t, and X(nlN is the brightness value in 
spectral band N at time t2. A training set is prepared for each iZh 
class, for i = 1,2, ..., jclasses where each class represents one 
category of land-cover change. 

The number of classes (of changes) is dependent on the 
classification scheme devised for each date. Suppose the num- 
ber of land-cover classes intended for (t,) ism and that for (t2) is 
n then the maximum number of classes that can be generated is 
m by n. If the classification scheme on both dates has the same 
number of classes n, then the maximum number of classes of 
change generated will be n2. 

In this manner, an unknown pixel with a vector position 
(X) in 2N-dimensional feature space is classified into a class 

providing nature-of-change information. The advantage of this 
approach is that the type of changes of interest is controllable 
through the single-date classification scheme. By including 
representative training data of a class A in time 1 and another 
class B in time 2, the type of change from (class A) to (class B) 
can be evaluated. 

For the purpose of assessing land-use changes caused by 
large construction projects, we are interested mostly in rural- 
to-urban and urban-to-rural changes. Another area of interest 
includes land reclamation from the sea. After investigation of 
the study area, a land-use classification scheme with four 
classes on each date was adopted: built-up land, construction 
sites, vegetation, and water. A total of 42 = 16 change classes 
were generated (Table 1). 

Simulated Tralnlng Samples 
Obtaining enough training data has been a tough question with 
change detection applications. Reference data for images in the 
past have been particularly difficult to obtain (Macleod and 
Congalton, 1998). This problem is aggravated by the setting of 
our study area which is highly urbanized and in which land- 
use changes have been sporadic and in small scales (Yeh and 
Chan, 1997). We tried to ease this problem by using simulated 
training data (Figure 1). Representative training samples of 
each of the four classes were extracted from individual images. 
They were then cross-combined to form the whole set of train- 
ing classes. For example, representative samples of built-up 
land at time 1 and that of water at time 2 were combined to 
become the class of "from (built-up land) to (water)." A full set 
of training data with 16 classes was simulated. 

Two sets of training data were finally prepared. The first set 
of data was real data extracted from multi-date images. A total of 
1,704 reaI samples were extracted based on field knowledge, ref- 
erence information from aerial photo and maps, and visual 
inspection of the image. Only eight change classes were 
extracted, and they are listed and described in Table 2. Tkaining 
data representing other changes were not readily determined by 
visual inspection and, hence, not obtainable. The second set of 
training data was simulated by cross-combining the representa- 
tive land-cover samples extracted individually from each of the 
two single-date images. The simulated set consisted of 20 pat- 
terns for each class, making a total of 320 patterns. The testing set 

i 
I 

(a) (b) (C) 

1987 image assigned to blue and green, respectively. Landcover changes are highlighted by red and cyan colors. 

I 
Plate 1. Multidate SPOT images of the study area: Tsing-yi Island. (a) 1987 image. (b) 1995 image. (c) After registration, 
the 1987 and 1995 images are overlaid with channel 1 of the 1995 image assigned to red and channels 2 and 3 of the 
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Representative tra~nlng sample of Representative training sample of 
<water> In time 1 <built-up land> In time 2 

-llj=) m 2  =r, 
b r d 3  B a n d  3 

J 
n m e l { B a z F  Band 3 , 

m 2  { 
m 3  

Simulated training sample of the thange' class 
representing <from water to built-up hnd> 

Figure 1. Representative training samples of each land 
class are extracted from each date and then combined to 
form the simulated training samples of the "change" 
classes. 

consists of 1,200 unknown samples randomly chosen from data 
that were not used for training (Table 3). 

Tmatmnts wlth MLP Structures and Tralnlng 
Because MLPS with two hidden layers are reportedly superior to 
those with only one hidden layer (Lee et al., 1990; Bruzzone et 
al., 1997), we decided to search for an MLP with two hidden lay- 
ers for our purposes using the following two steps: 

(I) Look for the best architecture in a systematic way. The number 
of hidden nodes in each layer was varied between 5 and 50 

5, 5-10, 5-15, ..., 5-50: 10-5, 10-10, 10-15, ..., 10-50; ... ; 50-5, 
50-10.50-15, ..., 50-50. A total of 100 MLPS would be generated. 

(2) In order to keep the time expended for training manageable, 
simulated data were used for training and testing of the 100 
MLPS. The ten best structures would be used for real data 
training and fine-tuning. 

The number of input nodes was six, with three spectral 
channels from time tl and another three from time t,. The num- 
ber of output nodes was 16 because we had four land-cover 
classes for each date. After some experiments, we decided to 
train all MLPs formed in Step 1 for 4,000 cycles. All training 
parameters were kept constant: i.e., learning rate (0.2), momen- 
tum term (0.5), and flat spot elimination value (0.01). One obvi- 
ous problem with this pre-set approach is that the training 
error would not be at the global minimum when the training 
stops. We alleviated this problem by fine-tuning. Training 
would be restarted for another 100 or 200 cycles, or more 
depending on the situation. The trainer would interactively 
stop the training when the mean-square error (MSE) was drop- 
ping significantly and appeared to be reaching a global mini- 
mum. To make this fine-tuning possible, close monitoring of 
the change in the MSE is needed. Usually, about 10 to 20 of the 
training states are saved and tested. The training state that gen- 
erated the best accuracy rate is chosen. 

Result and Discussion 
Results from Chooalng the Rlght MLP Structure 
The results of the 100 MLPs formed systematically are listed in 
Figure 2. Despite the fluctuating results, the performance 
seemed to be more responsive to the size of the first hidden 
layer rather than the second hidden layer. All the structures 
with accuracy over 60 percent were found to have their first 
hidden size greater than 30. To illustrate the effect of the first 
hidden layer, we separated the MLPs into two halves at a thresh- 
old of 30 neurons and computed the average accuracy. The aver- 
age accuracy of the 50 MLPS with a first hidden size less than 30 
was 27.8 percent, while the average was 50.8 percent for those 
with size greater than 30. On the other hand, the average accu- 
racy of the 50 structures with their second hidden size smaller 
than thirty was 37.4 percent, compared to an average of 41.2 

TABLE 2. TRAINING SAMPLES EXTRACTED FROM THE MERGED MULTI-TEMPORAL IMAGE 

Class Land transactions Descriptions 
Number of training 

samples 

From (built-up land) to (built-up land) 
From (construction site) to (built-up land) 
From (construction site) to (vegetation) 
From (vegetation) to (construction site) 
From (vegetation) to (vegetation) 
From (water) to (built-up land) 
From (water) to (construction site) 
From (water) to (water) 

Built-up land unchanged 
New Housing development 
Re-grow of vegetation cover over completed development 
New construction work 
Vegetated land unchanged 
New development on reclaimed land 
New reclaimed land 
Water surface unchanged 

72 
452 
123 
198 
296 
198 
137 
228 

Total = 1704 samples 

TABLE 3. A TOTAL OF 1,200 SAMPLES WERE RANDOMLY CHOSEN FOR TESTING. THIS TABLE SHOWS THE DISTRIBUTION OFTHE TESTING DATA 

~rom(row:198'I) 
To (co~umn:1995) Built-up land Construction site vegetation water 

Built-up land Class 1: 103 Class 2: 37 Class 3: 36 Class 4: 20 
Construction site Class 5: 32 Class 6: 26 Class 7: 3 Class 8: no entry 
vegetation Class 9: 17 C h s  10: 8 Class 11: 214 Class 12: no en* 
water Class 13: 20 Class 14: 4 Class 15: no entry Class 16: 680 
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Error surface generated by 100 MLP's 

piiz 
m60-70 

':z: ' 
1 

Figure 2. The results of the 100 MLPS formed systemati- 
cally. The shaded cells represent structure with accuracy 
over 60 percent. 

percent for the rest, which had a size greater than 30. The dif- 
ference caused by the first hidden layer (23 percent) was much 
higher than that caused by the second layer (3.8 percent). Fur- 
thermore, when the size of the first hidden layer reached 30, 
performance seemed to be insensitive to the size of the second 
hidden layer. The results imply that, when adequate neurons 
are placed in the first hidden layer which performs feature 
extraction from the input space, the size of the second hidden 
layer that performs classification would count less in the per- 
formance. Among the ten best structures, four were chosen for 
further analysis with simulated data. Finally, the structure 6- 
40-35-16 was used for the comparison with other algorithms 
because it was the best performer when fine-tuning of the train- 
ing was performed. 

Results wlth Simulated Training Data and Emr Matrlces 
Plate 2 shows the land-use change maps generated from each of 
the algorithms. Comparatively, LVQ and DTC have produced 
better looking maps with less confusion. The overall accuracy 
with the four algorithms before and after the incorporation of 
simulated data is listed in Table 4. 

LVQ has the best accuracy rate before and after the incorpo- 
ration of simulated samples. The highest improvement (4.83 
percent) showed that L ~ ~ b e s t  utilized the simulated data. DTc 
ranked second in terms of overall accuracy and has achieved 
an enhancement close to that of MLC. The training of MLP was 
repeated for quite a number of times with different initial ran- 
dom weights but we did not obtain higher accuracy. The diffi- 
culty of MLP training (as discussed above) is aggravated 
because of the increased amount of training samples. The low- 
est performance of MLC could be attributed to the unrealistic 
distribution assumptions on training data. 

The inclusion of simulated training data completed the 
matrix of training classes, and it was intended to represent 
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TABLE 4. OVERALL ACCURACY WITH M E  FOUR ALGORITHMS BEFORE AND AFTER 
THE ~NCORPORAT~ON OF SIMULATED DATA 

1704 samples (real data) 2024 samples (with simulated data) 

DTC 80.83% 
MLC 67.08% 
MLP 76.92% 
LvQ 83.25% 

changes that may not be readily detected with visual inspec- 
tion. As shown in Figure 3, all algorithms can utilize the newly 
added training samples and have achieved, depending on the 
class, a certain degree of enhancement of class accuracy. Indi- 
vidual classes have a lower rate after the use of simulated data 
because the injection of samples from new classes has caused a 
growing complexity of boundary division in the feature space. 

Confusion matrices of the algorithms following the form of 
the change-detection error matrix proposed by Macleod and 
Conglaton (1998) are shown in Table 5. The upper left corner of 
the matrix shows the confusions among classes in the category 
of no-change (classes 1,6,11, and 16). On the lower right cor- 
ner, the matrix shows the confusions among the classes in the 
category of change. The confusion from the class category of 
change to no-change is placed on the upper right. Finally, the 
lower left corner shows the confusions from the group of 
classes representing change to the group of classes represent- 
ing no-change. The advantage of this presentation is that, by 
breaking down each corner of confusions, the No-Change1 
Change error matrices can be formed. By comparing the accu- 
racy of the entire matrix with that of the No-ChangelChange 
error matrix, we know whether a low accuracy rate is contrib- 
uted by the change-detection techniques [e.g., image differenc- 
ing), the classifier, or both (Macleod and Congalton, 1998). In 
our experiments, only the one-pass classification procedure was 
implemented and there was no separation between change- 
detection techniques and the classification procedure. How- 
ever, the No-ChangelChange error matrix gives us additional 
information on how well the algorithms operate for dissecting 
the image into change and no-change. 

For No-ChangeIChange detection, LVQ is the best (91.25 
percent), followed by DTC (88.42 percent) and MLP (83.33 per- 
cent), with MLC coming in last (76.5 percent). While other algo- 
rithms have achieved three to six percent differences with their 
change-detection errors, MLP has a 10 percent difference 
between change-detection error (73.25 percent) and No- 
ChangeIChange error (83.33 percent). The non-linearity with 
each node theoretically enables the MLP to define a complex 
decision boundary in high dimensional space. The failure of 
effective training has resulted in a modest accuracy for a two- 
class (No-ChangeIChange) classification but a far lower accu- 
racy when handling a 16-class task. 

There have been comparison studies on the performance 
between decision trees and backpropagation networks over 
different domains (Weiss and Kapouleas, 1989; Dietterich et al., 
1990; Shavliket al., 1991; Quinlan, 1994). In general, these stud- 
ies reported that backpropagation networks produced a supe- 
rior classifier, while neural networks were better in particular 
when there were only a few training instances and there was a 
presence of noise. Shavlik et al. (1991) and Quinlan (1994) also 
conjecture that network classifiers are more accurate than deci- 
sion trees for continuous-valued data. However, the long train- 
ing time and unsteady results with neural networks were noted 
(Weiss and Kapouleas, 1989). 

Our application of decision trees and multi-layer per- 
ceptrons to land-cover change detection showed that DTC is 
almost 10 percent higher than MLP in overall accuracy The 
causes for the inferior performance of MLP could be insufficient 
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Figure 3. The bar charts show the recognition rates of each class before and afterthe incorporation of simulated 
training data. 
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Plate 2. Land-use change maps generated by different algorithms. 
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TABLE 5. TABLES SHOW THE CHANGE-DETECTION CONFUSION MATRICES AND THE NOCHANGE/CHANGE ERROR MATRICES OF ME ALGORITHMS 

DECISION TREE CLASSIFIER htAXMUM LIKELIHOOD CLASSIFW 

Cla.?s@?d 
Classified daia 

&ta 

Overall accuracy: lOlU1200 = 84.50% 

No-CbmgdChsnge Error Matrix 

NOCHANGE CHANGE Total 
NO  CHANGE^^ 

CHANGE 
Total 088 212 1200 

Ovatsll acwracy: 1061M200 = 88.42% 

Overall accuracy: 850/1200 = 70.83% 

NoChange/Change Error Matrix 

NO CHANGE CHANGE Total 
NO  CHANGE^^ 

C WNGE 
Total 765 435 1200 

Overall accuracy 91811200 = 76.5% 



Overall accuracy: 87911200 = 73.25% 

No-ChangdChange Error Matrix 

NOCHANGE CHANGE Total 
NO CHANGE 

c H A N G E m I  
Total 883 317 1200 

Overall accuracy: 1000/1200=83.33% 

LEARNING VECTOR QUANTIZA'TION 

Overall accuracy: 1057ll200 = 88.08% 

No-Change/Change Error Matrix 

NOCHANGE CHANGE Total 
~0  CHANGE^^ 

CHANGE 
Total 994 206 IZOO 

Overall accuracy: 1095/1200=91.25% 



TABLE 6. A COMPARISON OF RECOGNITION RATES OF EACH CHANGE CLASS 
AMONG ALGORITHMS 

training and/or inappropriate hidden structure and/or bad 
parameter settings. Hidden structure and training have been 
the most studied topics with neural networks since the early 
1990s (Judd, 1990; Rumelhart et al., 1996). Most studies have 
built w s  based on experiments with their own data domains, 
and the best structures and parameter settings are determined 
by the prediction results. Effective training became the major 
obstacle to operational implementation of MLP. 

Theoretically, Learning Vector Quantization based on the 
nearest-neighbor rule can generate only sub-optimal results. 
The upper bound of the error led by the nearest-neighbor rule is 
twice that of the Bayes rate (Duda and Hart, 1973). It was found 
that implementation of LVQ for pattern recognition is fast in 
training and with comparable or better accuracy than back- 
propagation networks (Ashalt et al., 1991; Suewatanakal and 
Himrnelblau, 1992; Fujita et al., 1993). LVQ is also considered 
more consistent than other classifiers, such as k-NN classifiers, 
using the nearest-neighbor rule (Suewatanakal and Himmel- 
blau, 1992). Our experiments using LVQ for change detection 
echoed the results of these studies. It is the best among all clas- 
sifiers generated. 

Ability of Change ldentlflers 
Among the 16 output classes, four belong to the no-change cate- 
gory. In order to concentrate on the ability of the algorithms to 
detect changes, we excluded the classes of no-change and also 
the classes that did not appear in our testing data (classes 8,12, 
and 15). Nine change classes remain. Table 6 showed the effec- 
tiveness of each algorithm in detecting each type of change. 
The average accuracy at the rightmost column measures the 
degree of difficulty of each class and the mean class rates repre- 
sents the average performance of algorithms on each class. All 
the algorithms have a 100 percent recognition rate of class 7, 
making it the easiest one to detect. Class 2 is the most difficult 
to detect with the lowest rate of 35.81 percent. It is apparent 
that no one algorithm is uniformly better than all other algo- 
rithms among all classes. For instances, DTC scored the highest 
(59.46 percent) at class 2, the most difficult class, but the rate 
with class 3 (16.67 percent) is the worst of all. Both DTC and 
MLC scored zero at class 14 (from (water) to (construction site)) 
and all pixels were misclassified as class 13 (from (water) to 
(built-up land)). The reason could be the spectral similarity of 
class 13 and class 14. Built-up land and construction sites are 
quite difficult to separate because the latter exists in a wide 
range of forms. A 50 percent completed housing project can be 
either a construction site or built-up land. Furthermore, though 

2 

MLP can identify all pixels in class 14, it identified only 10 per- 
cent of class 13. LVQis the strongest to identify changes with the 
highest mean class rates of 65.41 percent. 

A post-classification comparison method was conducted 
with maximum-likelihood classifier using the real data set for 
comparison. The classification accuracy of the 1987 and the 
1995 images was 90.58 percent and 87.08 percent, respectively 
(Table 7). The accuracy rate of post-classification comparison 
was 80.75 percent. The mean class rate of the nine change 
classes was 63.24 percent. Both LVQ and DTC outperformed the 
post-classification comparison method and LVQ was also supe- 
rior in terms of mean class rates for the nine change classes. 

40.54 

57.78 

Ease of Use and Degree of Automation 
Whether an algorithm is suitable for a specific task depends 
also on other criteria such as ease-of-use and speed. Ease-of- 
use can be determined by the amount of human input in the 
training process. Most of the algorithms require a certain effort 
to determine the parameter settings. For MLC and DTC, we chose 
the default values. The pruning of DTC was defaulted at the 25 
percent confidence level. The threshold and bias of each train- 
ing class in MLC was set at 3 and 0.1, respectively. The use of 
LVQ required the selection of an appropriate number of code- 
books. Some fine-tuning in training was also required. Both of 
these can be mastered through brief experiments. As men- 
tioned earlier, the training of MU involves experiments for the 
appropriate structures, parameter settings such as momentum, 
learning rates, and the flat spot elimination values. Fine-tun- 
ing in MLP training is also very time-consuming. Comparatively 
speaking, training with MLC, DTC, and LVQ involved little 
human intervention and can be described as robust and highly 
automated. Experiments are repeatable without difficulty. For 
MLP, to repeat the exact experiment requires all the parameter 
settings and also the first set of random weights. The fine-tun- 
ing procedure involves a lot of subjective decisions and will be 
very difficult to replicate. We have found that was the least 
hiendly in training and the most expensive in terms of time 
requirements. 

37 

Conclusions 
In this paper, we used a one-pass classification where a merged 
multi-temporal image is used for nature-of-change detection. 
The method is aimed at alleviating the problem of classifying 
two individual multi-temporal images. Our experiments 
showed that this technique is simpler and results in a higher 
accuracy compared to the conventional method. The results 
also demonstrated that simulated training data prepared from 
single-date images enhances change detection. 

Among the algorithms that we tested, LvQ is the best perfor- 
mer in terms of recognition rates and speed. ~ v ~ h a s  the highest 
mean class rate (65.41 percent) and it is also very easy to use 
with fast training. Though DTC has the lowest mean class rate 
(48.54 percent), it is cheapest in terms of time costs. The use of 
MLP is muddled with problems such as the correct size of the 
hidden layers and parameter settings. It is comparatively diffi- 
cult to implement and takes much longer for training. In terms 
of accuracy and mean class rates, MLP is ranked second and 
third, respectively. MLC is ranked second for mean class recog- 
nition rates but has the lowest overall accuracy. Training is 
rather easy and robust. 

18.22 

53.04 

59.48 

mean class mtes 
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