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Kohonen’s Self-Organizing Map is a neural network procedunghiith a
layer of neurons is initialized with random weights, and subseguent
organized by inspection of the data to be classified. The orgamzat
procedure uses progressive adjustment of weights based on data
characteristics and lateral interaction such that neurdthssimilar weights
will tend to spatially cluster in the neuron layer. When tl@MSis
associated with a supervised classification, a majorityngotechnique is
usually used to associate these neurons with training datseglaghis
technique, however, cannot guarantee that every neuron in the @yput
will be labeled, and thus causes unclassified pixels in thé rfa@. This
problem is similar to but fundamentally different from the problef dead
units that arises in unsupervised SOM classification (neuwdrish are
never organized by the input data). Although dead unit problemshiesve
widely discussed and some possible solutions proposed, felestare
associated with land cover classification. In this paper pecifically
address the problem and nature of unlabelled neurons in the 8€aVbfor
supervised classification. Through a case study it is showruthabelled
neurons are associated with unknown image classes and, mostlgrdyticu
mixed pixels. It is also shown that an auxiliary algorithm progdeere for
assigning classes to unlabelled neurons performs with the saccess as
that experienced with Maximum Likelihood.

1. Introduction

In recent years there has been considerable interest in tloé mseral networks for the
classification of remotely sensed imagery because of theaddém from assumptions
about the form and distribution of input data, the ability to generate nearldecision
boundaries and the ability to generalize inputs as well as to anplex patterns
(Foody 1997, Ji 2000, Tso and Mather 2001). As a neural approach, Kohonen’s (1989,
1990) Self-Organizing Map (SOM) has not been explored as thoroaghtlge Multi-
Layer Perceptron approach for the classification of remotelyedeimsagery (Tso and
Mather 2001). However, it is of particular interest in thas itapable of being used for
both unsupervised and supervised classification. In this paper we spbcditdress its
use in supervised classification and the problem of unlabelled neuroggrons that are
activated and organized by existing input vector patterns, but whichoarassociated
with training site vectors. These are somewhat analogous to, batnfiendally different
from the problem of dead units that arises in unsupervised SOM classification.



The original concept of SOM, as developed by Kohonen (1989, 1990, 2001), is based on
competitive learning in which lateral interaction in the outputragdf-adaptively leads
to regional organizations of neurons (a topology) that become bpubstectors for
different signals (e.g., land cover classes). Neurons in the competyiereal@ associated
with input vectors by weights that are randomly assigned §tlius which are iteratively
modified by examination of input data. Because adjustment of weggbpsead spatially
to neighboring neurons using a distance decay function, the processeitially one of
an adaptivek-means clustering where neurons become organized into clusters of
association with input vectors.

In the more typical context of unsupervised classification, cotiveetayer neurons
are subsequently clustered into information classes that accommodeteclass
variability. In such instances it is common to encounter dead unitsurons assigned
random initial weights which subsequently fail to be associatdu any input vectors
(Kok, Huanget al 2000, Yang 2002, Sahin 2003). Depending upon the output clustering
procedure used, these may or may not be associated without output clusters.

In supervised classification, dead units are not a problem. Aft brganization of
the input data, training site pixels are assigned to their niodtis competitive layer
neurons. Output classes are then based on the most frequently occurring traiciagssite
associated with each neuron. The dead units thus never affect pagesaince they are
never associated with any input vector. However, a second forisodnnected unit
arises — neurons that are indeed associated with input patterns, loht avhi not
associated with any training site vectors. In their disconneessdrthey are similar to
dead units. However, they are also fundamentally different. Theyeayemuch alive in
that they are associated with actual patterns in the inpu{wlaieh includes all data, not
just the known training data). The problem is that we do not know whellt them —
they do not exist in the training data. They are essentially orphans that rembgiledla
Clearly they could be unknown land cover classes, but we also reasongteyhaight
also represent mixed pixels. Regardless, they are a problenusbetizey will be
triggered by the input data. In this paper we explore the charmicteese unlabelled
neurons (disconnected units) and an algorithm for their assignment to a class.

2. An overview of the SOM procedure

The SOM procedure we adopted was closely modeled on that discussaxhdoyen
(1990). Figure 1 illustrates the basic architecture of a SOM. The input |pyeseats the
input feature vector and thus has neurons for each measurement dimleniercase of
remotely sensed data, this would imply a separate neuron forefediance band. The
output layer of a SOM is typically organized as a two-dimensiftypically square)
array of neurons, although one-dimensional structures are commadn.obkgout layer
neuron is connected to all neurons in the input layer by synaptic welghts use for
supervised classification the procedure begins with a coarsegtyhase that is
effectively a form of unsupervised classification. A later fineing stage refines intra-
class decision boundaries using a Learning Vector Quantization (LarQedure.
Another critical phase in between these two is the assignmeeuabns (sub-clusters) to
training classes — a process knowieheling
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Figure 1. Example of the architecture of a SOM with an ingyerl (made up of three neurons)
and an output layer (made up withbneurons equally spaced).

2.1 Coarse tuning

Coarse tuning is an unsupervised classification stage in which towgpkearning and
lateral interaction lead to a fundamental regional organizaticilwp@logy) of neuron
weights that represent the underlying clusters and sub-clustérs input data. To do
this, it is first necessary to set the input data and thepgnaeights to have the same
measurement range and scale. In our case we chose to thscatage digital numbers
(DN’s) to match the 0-1 range for the synaptic weights. dityti synaptic weights
between the output and input neurons are randomly assigned.

Specifically, letx = {xi, X2, ..., Xo} be ann-dimensional feature vector input to the
SOM (i.e., a vector of reflectances for a single pixel). Thdiesn distances between a
reference vector (weight vector) and an input feature vector carbthealculated, and
the neuron in the output layer with the minimum distance to the imabtre vector
(known as the winner) is then determined as:

Winner=argmin _| n (X - W)
J .
®

t t
where % is the input to neuron at iteration t, and"i is the synaptic weight from input
neuroni to output neuron at iterationt. The weights of the winner and its neighbors

within a radius? are then altered (while those outside are left unaltered) asgadalia
learning raté@ ' as follows:
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\thiﬂ = \thi ! dwinner,j l gt (2)

where@' is the learning rate at iteration t aﬁd””e"i is the distance between the winner
and other neurons in the output layer. The learning rate is a bvetween 0 and 1 that



declines with time between its maximum and minimum valuesrditg to the following
time-decay function:

amax (3)

An identical time-decay function is also used to reduce the r&Hifesm an initial size
that can encompass all of the neurons in a single neighborhood haliag ene which
includes only the winner. This adjustment of weights thus proceedsgiaibal order to
local adjustments.

The above process is controlled by three primary parameter gtbepeumber of
neurons in the output layer, the number of input samples (which wilindet the
number of iterations), and the maximum and minimum learning ratelsolission of
these parameters is beyond the scope of this paper. However, both Tso and Mather (2001),
Villmann (2000) and Ji (2000) provide useful guidelines.

2.2 Labeling

Before a SOM can perform a classification, code books musthsteth This is to
determine which class each output neuron belongs to. At this stalgasibestructure of
the input data has been topologically organized within the SOM outgart [Bhe result,
however, is similar to a cluster analysis in that the idemtityegional groupings of
neurons is unknown. The labeling stage is intended to establish titéiedeof these
regional associations by comparison with training data. To do this, trainingreédied to
the coarse tuned network. The training site class that is adsigost frequently to a
neuron then becomes its label. This procedure is known as the magaitty. \(Tso and
Mather 2001).

2.3Fine tuning

In some cases, one expects to improve accuracy by using a supervised ifrtieiegare
training data available. The goal of fine tuning is to refine deeision boundaries
between classes based on the training site data. In the coargpdiage, raw input data
are fed into the training process. The topological organization de#tere map is thus
based on global image characteristics and it is normal to Heidat group of neurons is
labeled with a single information class. That is, a group of neurdhsommonly cover
the range of variability in reflectance associated withitifi@mation class. In the fine
tuning stage, the specific boundaries between neurons associated peiliics
information classes are refined using training site data.

In the procedure outlined by Kohonen (1990), fine tuning is achieved thtioeiglse
of Learning Vector Quantization (LVQ) (Kohonen 1989, 1990, Kangas 488D, also
described in Ji 2000, and Tso and Mather 2001). At present we havenempéel the
LVQ1 and LVQ2 procedure, although the LVQ3 procedures may be imptechbefore
release. With LVQ1, known patterns (from training sites) adleafgain to the SOM. The
neuron with the most similar weights to the input vector of reftexgs (BMU) is
determined and its weights are adjusted as follows:



W =W+t (x - W) ik is correctly classified 4)

Wt =w - at(x - W) if is incorrectly classified (5)
t

W = it ¢ (6)

wherew,is the weight vector of the winner, aflds a gain term that will decrease with

time (using the same logic as that which governs the decandafas expressed in
Equation 3) and is within the range of (0, 1). In this manner weightse closer to an
input feature if they match the label of the corresponding winner {iequd), while
moving farther from it if it does not (Equation 5).

With LVQ2, weight vectors are updated in the following way:

wt=w - o' (x - w') and

W™ =w; +d'(x - w,) ifCiis the nearest class, bubelongs taC (C; * C) (7)

Wit =wh in all other cases (8)

The primary controls for the fine tuning are thbhe humber of iterations and the gain
factor d" setting. Again, see Tso and Mather (2001) andQD@) for useful guidelines.

2.4 The feature map

With a converged status, SOM can characterize i$teibition of input samples, and
thus generate a two-dimensional map from a muftiesisional feature space (Mather
1999). The feature map of the SOM is analogicah® mapping cortex of the human
brain upon which processing of spatial informatisnbased. After either the coarse
tuning and labeling or fine tuning stages, theusamap can be viewed. The feature map
is color coded by information classes. Thus allraes associated with a particular class
share the same color. As can be seen in Figurel@sses with substantial variability
(such as the deciduous vegetation class symbohzida forest green color) will have
many neurons associated with it while those wittelivariability will be associated with
only a few neurons. For example, the shallow weless (in cyan) and deep water (dark
blue) occupy only one neuron each. Topology predenv is a key property of SOM,
neurons that represent classes with similar prigserare therefore likely grouped
together, such as the deep water and shallow witercrop (light green) land class and
grass class are very similar in terms of refleataon the three bands, so in the feature
map they are close neighbors. It is also quiteoma@sle to see that high/low density
residential, industrial/commercial and transpootatire grouped together. Classes where
spatially separate neurons occur indicate casesuttimodal distributions, such as the
high residential (orange) and low residential @&l. That the reed class (light magenta)
is adjacent to both deep water and shallow watggests that it may relate to shallow
areas where submerged vegetation can be seen.rsecotored in black in the feature
map are unlabeled. We find the feature map to heeful adjunct to the classification
process.
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Figure 2. (a) A 17 x17 feature map with unlabeled neurons including deastti units and
disconnected units; (b) A 17 x17 feature map with unlabelednstncluding only dead units;
(c) A 50 x50 feature map with unlabeled neurons including both de&lamd disconnected
units; and (d) A 50 x50 feature map with unlabeled neurons including only dead units.



2.5 Classification

The final classification of the input image is n@aliy undertaken after the fine tuning
stage (but can be done after coarse tuning antrigheEach input pixel is now assigned
the class label of the neuron most similar in itght structure to the pixel vector of
reflectances.

2.6 The problem of unlabeled neurons (disconnected units)

As discussed early, because the unsupervised sfa@OM uses all image pixels,
unknown classes or characteristic mixed pixel abtmypes will lead to the presence of
neuron clusters that are not represented in theirigasite data and these clusters thus
generate unlabeled neurons in the feature mapaitteatadditional to any dead units.
During the classification stage, when input pixel®e classified trigger labeled neurons,
they are assigned to the class associated with,thdie if they trigger unlabeled
neurons (disconnected units), they cannot be asdigo any class and thus are left
unclassified.

To illustrate the extent of the problem, Figure teows the feature map from the
experimental study that will be described belowlddeled neurons can be seen as the
black cells in the feature map, which they accdané42.6% of the total (289) neurons.
Since both dead units and the second form of dissxted units may be left unlabeled, it
was decided to determine their relative proportidresdo this, we used all pixels from a
Maximum Likelihood classification as training sités this case, all input vectors will be
associated with a class and thus it is likely #rat unlabelled neurons will be the result
of dead units. Figure 2b shows the feature magdddudgy this training site. Interestingly,
in this map, only two neurons were unlabeled ahdtilers were assigned with their
associated classes. This suggests that only 2 mewere dead units (accounting for
0.69% of the total neurons) and all other unlabe&ledrons (41.9% of all neurons) were
disconnected units. When the feature map sizecie@sed to 50x50 (2500 neurons) and
repeating the above procedure, more unlabeled ne88.3%) were found (Figure 2c).
In addition, the proportions of dead and disconeecinits changed to 25.3% and 55.0%,
respectively. Figure 2d shows the feature map witlty dead units. This result does
make sense in that tuning a larger sized SOM iserfikely to increase both dead and
disconnected units. This interesting phenomenofircoed our early reasoning.

3. The auxiliary labeling algorithm

In unsupervised classification, competitive layesurons are organized into classes
through the use of a clustering procedure suclagyglomerative clustering &means
procedure. In supervised classification, this @tsy is based on association with
training site data. We therefore approached thssifleation of unlabelled neurons by
adding an auxiliary algorithm using the logic ofgbmgnerative clustering to assign
unlabelled neurons to the clusters already formea the supervised stage.

To establish a class for pixels that trigger second form of disconnected units in the
SOM feature map during classification, it was dedido evaluate the mean distance

Detass between the input pattern and all neurons assalcieth each class: i.e.,
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whereN; is the number of neurons of the output layer regméng class in the training
site; andd, is the distance of an input feature vector to oeyr

This algorithm can serve as a tool to deteatlpiwith uncertainty and provide useful
information especially when one has very limitefbimation about the underlying study
area.

We also considered evaluating the minimum distebetween unclassified pixels and
the neurons associated each class rather than éaasmHowever, initial tests did not
yield noticeable differences with the above apphoddus we have decided to look at
this in a separate testing program.

The above two methods aim to assign classegsrdblem pixels directly without
interaction with those unlabeled neurons (discotateanits). We have also considered
an intermediate procedure, namely, labeling thodabeled neurons by evaluating the

mean distanceD, between the unlabelled neuron reference weights adin

Class_unlabeled
neurons associated with each class. This procadwsimnilar to the calculation of a U-
matrix (Kohonen 2001, Ultscst al 1989). The unlabelled neuron is then assignetdeo

class with the minimunb, Once those previously unlabeled neurons are

Class_unlabeled *
labeled, classification will not be a problem. Thadgorithm, however, is under
construction at this moment and therefore has eenhlapplied in this experiment.

4. A case study evaluation
4.1 Data description

To evaluate the implications of this procedure Fandling unlabelled neurons we
undertook a classification of a SPOT HRV imagelfv@tbands: G, R, and IR) from 1991.
A sub-image of 565x453 pixels covering the regidil.8 kmx9.0 km) around
Westborough Massachusetts was extracted as thg sited(Figure 4a). Training and
validation sites for twelve land use/cover classese digitized and extracted from the
imagery. A total of 4597 training samples were cielé for training the SOM and a total
of 3085 test samples were used to validate theracgwf the results (Table 1).

4.2 Application of the SOM in land cover classification

The software used for this research was a SOMifitadseing developed by the authors
as part of a suite of neural net classifiers foupooming release of the IDRISI GIS and
Image Processing software system (Eastman, 2003)riférface of SOM was designed
as Figure 3. In this experiment, a series of SOMis different output (competitive layer)
neurons (from 4x4 to 40x40) was investigated taréra the effect of neuron density on
classification accuracy. The number of iteratioms doarse tuning is determined by the
number of input samples from the raw waveband imagal the number of fine tuning
iterations is user-defined. The initial neighborti@adius for lateral interaction is initially
set to be large enough to cover the entire outgyerl It then decreases over iterations
and reaches a minimum value of one at the lasttiter.



Table 1. Training site area and test site area
Class ID  Land use/cover Training site pixels  Test site pixels

High density residential area 193 72
2 Low density residential area 220 132
3 Industrial and commercial area 189 158
4 Roads/Transportation 92 76
5 Deep water 808 379
6 Cropland 152 166
7 Deciduous forest 1623 905
8 Wetland 420 488
9 Conifer forest 178 126
10 Grass 85 95
11 Shallow water 584 469
12 Reeds 53 19

Total 4597 3085
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Eile Display GIS Analysis Modeling  Image Processing  Reformat  Data Entry  Window List  Help

e o & B

Clagsification mode ] Clazsification options 1 1 Coarse tuning
& Superwvised © Unsupervized & Train netwark ¢ Use weights

Band images

Nurnber of files:
Band D Image name 3 ii
Band 1

Band 2 spot2 Inzert laper group
|Band3 spotd Femove current filz

S ampling in band images Training site

& Image £ Vector

Interval in colurn: 3 W
Irterval in row 7

Number of classes : 12

Network parameters 11~ Fine tuning parameters
Input laper newron ;3
tin gain term : 0.0007
Output layer newron: 17 # (17 = =283 . 2
Mai gain term 0.0005 Iv Display feature map [~ Displap U-matrix map

Initial neighborhood radius :  [25.0416
Fine tuning rule . [LVO1 -

Min lzarming rate : 05 = ; = Running stats 11~ Processing mema

b 4 — {
Max learming rate : 1 SRR Learing rate : - 0.5000 Coarse tuning finished -~
Classfication Specification | Radus 1.0000 EI::r;ﬂzr‘?:STSEggegﬂ?72
Output image : | J Gain temm : 0.0001 recommended before the final

Iesratin 12285 clesticain

Algorithm for determining unknown pizels - {Min Mean Distance - | e
I Perfarm accuracy assessment Coarse tune | Fine tunz | weights | Lahel |
[ Create fuzey classification maps Classify | el | Help |

Figure 3. The prototype interface for the SOM module for IDRISI.

Additional user-defined parameters includediéaening rate for coarse tuning and the
gain terms for fine tuning (using the LVQ2 algonith Experimentation indicated that
generally better results can be obtained with enieg rate ranging from 0.5 to 1.0 for



coarse tuning and an extremely small gain termingnfyom 0.0001 to 0.0005 for fine
tuning. Results also indicated that Kappa reachmd@dmum with a configuration of 17
x17 (289) output neurons, with no additional impnoent as more neurons were added.
21,357 iterations for the coarse tuning resultechfthe sampling rate chosen and
2,758,200 iterations for fine tune resulted fronngghe 4597 training site pixels over
700 epochs. All parameters used in this experiraentisted in Table 2.

Table 2. Parameters used in the experiment

Parameter Value
Input layer neuron number 3
Output layer neuron number 17 x 17
Initial neighborhood radius 25.04
Minimum learning rate 0.5
Maximum learning rate 1.0
Minimum gain term 0.0001
Maximum gain term 0.0005
Coarse tuning iterations 21,357
Fine tuning iterations 2,758,200
Fine tuning algorithm LVQ2

4.3 Result and Discussion

The classification result from a Maximum Likelihooldssifier (MLC) using equal priors
was also computed as a reference. Figure 4c shmwesult from the SOM with pixels
associated with unlabeled neurons left unclassifiethe result, 25.9% of all pixels were
found to be associated with unlabelled neurons twd would be left unclassified
without the use of the auxiliary algorithm discuksélowever, using the Maximum
Likelihood map as a reference, it was determined #1.8% of these unclassified pixels
were at the boundaries of classasd thus potentially mixed. Of the 8.02% that weve
at edges, visual examination showed that they wedeed unknown classes, usually
occurring in geographically distinct patches. Savg@atches turned out to be forested
wetlands which were not represented by the wetleaiding pixels and one turned out to
be an orchard that was effectively a mixture oésrand grass at the spatial resolution
(20mx20m) of the SPOT HRV sensor. Figure 5 illussahese two examples. From this
we concluded that unlabelled neurons do indeecesept unknown classes and mixed
pixels, with (in our case) mixed pixels dominatthg occurrences.

When conducting a comparison among only thedls that were labeled without use
of the auxiliary algorithm by SOM (Figure 4c for BOand Figure 4d for ML&), the
SOM performed better than MLC in terms of totalwmecy by 3.3% and overall Kappa

! The CVN (Center versus Neighbor) pattern metritDRISI was used to determine whether pixels were
at the boundaries between classes or were infgixels.

2 In Figure 4d the same areas that were left urifileg®y the SOM when the auxiliary algorithm wast n
used forced to be unclassified in the Maximum Lik@bd map so that the SOM and Maximum Likelihood
procedures could be fairly evaluated without usthefmodified SOM procedure.



by 0.04 (MLC: total accuracy = 85.9% and overalpia = 0.83; SOM: total accuracy =
89.2%, overall Kappa = 0.87). When all pixels wesenpared between the MLC (Figure
4b: total accuracy = 87.8%, overall Kappa = 0.8&) 8OM with the auxiliary labeling
procedure (Figure 4e: total accuracy = 91.1% aretadvKappa = 0.89), both classifiers
improved by 1.9%, but the margin between them stdlye same. Thus while our results
are consistent with reports of a generally highsgification with SOM over the
Maximum Likelihood procedure, it would appear thaith the auxiliary algorithm
discussed here, the SOM has only the same leglaakess (or lack thereof) as
Maximum Likelihood in classifying mixed pixels.

Table 3. Comparison of classification using Maximum Likelihood Classiind SOM

Total accuracy

(%) Overall Kappa Remark

Classifier

Use equal prior probabilities
for each signature

Uncertain areas by SOM were
MLC with masked out areas 85.93 0.8349 masked out in the
classification map by MLC
Containing uncertain areas

Maximum Likelihood (MLC) 87.84 0.8571

Self-Organizing Map (SOM) 89.24 0.8728 with values of zero
Calculate pixels with
SOM with auxiliary algorithm  91.12 0.8947 uncertainty using proposed

algorithm

5. Conclusions

From this evaluation, several important conclusioas be drawn. First, the problem of
unlabelled neurons only arises in the context pesused classification using SOM, and
is not associated with the more familiar conceptdefid units that affects SOM in
unsupervised applications. Second, the unlabekeolams are associated with unknown
and mixed pixels which can represent a substgnidion of the image being classified.
Third, the auxiliary algorithm proposed here fosigaing classes to unlabelled neurons
performs with the same success as that experientbdMaximum Likelihood. In our
implementation of SOM in the IDRISI system we alldhe user to specify whether
unlabelled neurons should be assigned class labelg the algorithm discussed here. In
that manner, the user can focus attention on areascertainty in the image. However,
the algorithm discussed accommodates cases wltera@ete enumeration is desired.
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Figure 4. (a) Color-composite image made from the three spégiitral images of SPOT HRV
showing the study area, Classification result produced by (b) Meximikelihood Classifier
(MLC), (c) Self-Organizing Feature Map (SOM) with unclassif pixels, (d) Maximum
Likelihood with the pixels unclassified by SOM masked out; (e) SOM using thikaayikabeling
algorithm.
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Figure 5. (a) Forested wetland in the SPOT HRV 1991 color-cdtapiwsage, (b) forested
wetland in the MassGIS 2001 orthophoto image, (c) orchard in td $HRV 1991 color-
composite image, (d) orchard in the MassGIS 2001 orthophoto image.
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