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ABSTRAC.T: We describe an impro~ed table look-up technique for performing rapid maximum likelihood classification 
?n large 1mages. The .~et~od prov1ded a more than 20-fold reduction in classification time relative to standard algorithms 
~n a thre.e-band class1hcahon of a full L.an~sa~ Thematic Mapper (TM) scene. While powerful, the improved algorithm 
I~ al~~ simp!~, portable, and c~n 1:un m hm1ted memory desktop computer environments. The described algorithm 
sigr:Iflcantly Improves the practlcahty of large area land-cover classifications, such as those required for statewide and 
reg1onal analyses. 

INTRODUCTION 

AVARIETY OF· AUTOMATED METHODS have been developed 
over the past two decades in order to classify multispectral 

satellite image data into distinct feature categories (e.g., Swain 
and Davis, 1978; Richards, 1986). These methods convert mul
tispectral image data into information about the location and 
extent. of e~rth surface features, and they have been applied 
exte~s1vely m such diverse fields as geology, hydrology, water 
quality assessment, the agricultural sciences, forestry, and land
use management (e.g., Jensen and Toll, 1982; Ryerson et al., 
1985; Franklin, 1986; Irons and Kennard, 1986; Lathrop and Lil
lesand, 1986; Hopkins et al., 1988). 

Supervised classification methods are those which require 
significant pre-classification input by the image analyst, and the 
maximum likelihood decision rule is by far the most common 
supervised classification method used for analyzing satellite im
age data (Richards, 1986). The standard implementation of su
pervised maximum likelihood classification requires the selection 
of."training" sa~ples representing the feature types to be mapped 
(Llllesand and Kiefer, 1987). The sampled data normally include 
several "spectral classes" to adequately represent each "infor
ma.tion class" or feature type. These training data are used to 
estimate the parameters of a probability density function for 
each sp_ectral class. Generally, a multivariate normal probability 
model 1s chosen, with the training sample mean vectors and 
varia1_1ce/covariance m~trices defining the probability density 
functions. These dens1ty functions are then used to calculate 
the ~kelihoods of spect~al class membership for each pixel in 
the. Image. The class w1th the highest computed likelihood is 
assigned to the output classified image. 

The popularity of the maximum likelihood classifier is due to 
a number of characteristics (Swain and Davis, 1978; Schowen
gerdt, 1983; Richards, 1986). First, the maximum likelihood de
cision rule is intuitively appealing because the most "likely" 
outcome among candidate outcomes in chosen. Second the 
decision rule has a well-developed theoretical foundation,'and, 
for normally distributed data, is mathematically tractable and 
by many measures statistically desirable. Third, a maximum 
likelihood classification can readily accommodate covarying data, 
a common occurrence with satellite image data. Finally, maxi
mum likelihood classifiers have been proven to perform well 
over _a range of cover types, conditions, and satellite systems 
(Swam and Davis, 1978; Richards, 1986; Lillesand and Kiefer 
1987). , 

Despite the advantages of maximum likelihood classifiers most 
implementations have exhibited at least one serious dra~back, 
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namely, long classification times. For N spectral bands and T 
training sets, computing the maximum likelihood for each N
tuple (pixel measurement vector) of image data requires at least 
(N'- + N) * T multiplications and (N- l)*(N + 1) + 2 • N additions 
in the most commonly implemented form of the maximum like
lihood decision rule (Richards, 1986). Accordingly, per-pixel 
maximum likelihood classification requires billions of calcula
tions when applied to lar~e-area high- resolution satellite image 
data, such as th~se prov1de_d by _t~e Landsat Thematic Mapper 
(TM) and SPOT H1gh ResolutiOn V1s1ble (HRV) multispectral scan
ners. Full-scene classification times have been limited to date 
by computational speed, even when standard numeric copro
cessors ~re_used. Run-times of from 5 to 70 days can be expected 
for classifylrtg a full-scene Landsat TM image with current pipe
line-architecture desktop computers (Westman, 1989). 

There are several potential means by which classification speed 
~an be improved. First, increased processor clock speed will 
Improve numeric computations approximately proportionally. 
Clock speeds have been doubling every three to four years in 
many computing environments and should continue to do so 
for at least the next several years. However, clock speed im
provements foreseeable in the next decade will still result in 
impractical full-scene or multiple scene classification times in 
the desktop environment. 

Enhanced numeric coprocessors are a second potential source 
of classification speed improvement. Commercially available 
specialized coprocessors can yield two- to four-fold increases in 
classification speeds when compared to the use of "standard" 
coprocessors. Unfortunately, enhanced numeric processors are 
~ften expensive, and can require special languages or algo
nthms, thereby reducing code portability. 

A third option for improving classification run-times involves 
the adoption of parallel processing technology. System bottle
necks inherent in pipeline architecture are avoided by perform
ing the numeric calculations in parallel, and very high throughput 
can be achieved with array processors (Westman, 1989). How
ever, as with enhanced numeric coprocessors, array processors 
can be very expensive, and usually require hardware specific 
code. 

As an alternative to the above "hardware" approaches to im
proving classification speed, this paper reports on a simple, 
portable table look-up algorithm which dramatically reduces 
processing times for large scenes while retaining the advantages 
of the maximum likelihood class~fier. As described below, this 
algorithm derives its speed by a<roiding most of the redundant 
c_omputation which characteriz~s many current implementa
tions of the maximum likelihood classifier. The procedure also 
circumvents many of the disadvantages of previous table look
up methods. 
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