Toward Automated Interpretation
of Satellite Imagery for Navy
Shipboard Applications
Abstract
The U.S. Navy has plans to develop an automated system to
analyze satellite imagery aboard its ships at sea. Lack of time for
training, in combination with frequent personnel rotations, precludes
the building of extensive imagery interpretation expertise by shipboard personnel. A preliminary design starts from pixel data from
which clouds are classified. An image segmentation is performed to
assemble and isolate cloud groups, which are then identified (e.g.,
as a cold front) using neural networks. A combination of neural
networks and expert systems is subsequently used to transform key
information about the identified cloud patterns as inputs to an expert
system that provides sensible weather information, the ultimate
objective of the imagery analysis.

1. Tactical Environmental
Support System
The Tactical Environmental Support System (TESS)
has brought computer-assisted environmental analysis and, to a lesser extent, prediction to U.S. Navy
ships (see Phegley and Crosiar 1991). TESS was
conceived in 1982 as a minicomputer-based environmental diagnosis/forecast system for ship-based use.
The term "environmental" means that TESS encompasses more than the limited area of atmospheric
diagnosis/prediction. Ocean prediction, remote sensing, and ship response are among the range of environmental applications of TESS. The first phase of
TESS (version 1.0) was initially installed aboard ships
in 1986. TESS 1.0 and its successor, TESS 2.0, were
based on the Hewlett-Packard 9020, a 1 -MIPS (million
instruction per second) minicomputer. Dozens of software packages designed to assist the shipboard oceanographer 1 were, and continue to be, developed and
transitioned to these TESS systems.
Beginning in 1987, the navy embarked on the third
phase of TESS, called TESS(3). The new designation
of (3) was chosen to indicate a major change to the
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TESS system. Sponsored by the Oceanographer of
the Navy and managed by the Space and Naval
Warfare Systems Command, Lockheed Missiles and
Space Company's Austin division developed the basic
system. The Atmospheric Directorate of the Naval
Oceanographic and Atmospheric Research Laboratory (now part of the Naval Research Laboratory)
served as technical direction agent and lead laboratory for this contract. Building on completely new
hardware with a design that permits significantly more
capability, TESS(3) is nearing completion. More details about the TESS(3) system are available in Phegley
and Crosiar (1991).

2. Navy capabilities in satellite
data/imagery reception
Not until TESS 2.0 was there a shipboard mechanism for viewing satellite imagery on a video screen.
Until that time, any satellite imagery received aboard
ship could only be viewed when printed as hard copy.
Although not incorporating a high-resolution screen,
the TESS 2.0 display of satellite imagery was a welcome capability that permitted some viewing flexibility
and basic image manipulations.
One of the major components of TESS(3) (and
perhaps its primary asset) is a sophisticated system
for storing, viewing, and manipulating digital images
from the NOAA and DMSP orbiting satellites (Crosiar
et al. 1990). This capability results from a major
upgrade in shipboard satellite receiving capability.
This upgrade is a system called the AN/SMQ-11, a
newly developed, planar-array antenna designed and
built by the Navy Avionics Center specifically for
shipboard use (Wiegand 1988). Although the AN/
SMQ-11 has its own storage and display hardware, its
satellite-data receiving system will be linked directly
with TESS(3), providing digital data and imagery for
viewing and manipulation by the TESS(3) system.
Although the SMQ-11 cannot receive GOES digital
imagery, it can receive such images in an analog mode
(GOES WEFAX).
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3. Navy needs for environmental
satellite imagery
Over the past two decades, the navy has expended
considerable resources in trying to exploit the environmental data available through imagery interpretation.
The need for specialized nowcasts and forecasts at
sea is similar to that needed for land-based aircraft
and surface operations. But, because the oceans of
the world are comparatively devoid of observations,
the navy recognized early the value of satellite data
and imagery. Beginning in 1977, the first volume (Fett
and Bohan 1977) of a continuing series of publications
called the Navy Tactical Applications Guides (NTAGs)
was completed. Now numbering seven volumes, these

Over the past two decades, the navy
has expended considerable
resources
in trying to exploit the
environmental
data available through imagery
interpretation. The need for specialized
nowcasts and forecasts at sea is similar
to that needed for land-based
aircraft
and surface
operations.

guides continue to be published to provide empirical
guidance for the satellite meteorologist. In 1977 and
even until now, no shipboard equipment was available
to produce the high-quality imagery necessary to take
advantage of the detailed information available in the
NTAG manuals.
The imminent emergence of the combined TESS(3)/
SMQ-11 antenna system is expected to satisfy the
need for adequate shipboard satellite data-processing equipment. The system will have sophisticated
overlay and manipulation capabilities that will permit
flexible viewing of multichannel digital data. For example, NRL is exploring various, multichannel, NOAA
Advanced Very High Resolution Radiometer (AVHRR)
techniques to address operational concerns such as
contrails (Lee 1989a; Engelstad et al. 1991), dust
storms (Lee 1989b), and fires (Lee and Tag 1990). In
these examples, the data-manipulation methods, once
determined, can be programmed for automatic use. In
the case of analog GOES imagery, temporal changes
observable in hurricanes, midlatitude storms, and sea
ice, among others, will be useful information, and even
more so in conjunction with higher-resolution polarorbiter imagery.
Despite the sophistication of TESS(3), its level of
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technology does not yet address the basic interpretation skills that are presented through the NTAG series.
Imagery interpretation requires a combination of skills
—both pattern recognition and the expertise of inferring the meteorological meaning of those patterns. As
with other specialized disciplines, the ability to examine satellite imagery for the purpose of deducing the
weather rests with only a few experts in the field.
Military and civilian forecast agencies with fixed-base
operations have the ability to hire relatively long-term
civilian forecasters, a situation that often produces
local expertise that builds with time. In contrast, the
navy cannot afford to train each of its sea-going
oceanographers in the complete range of specialized
skills, because the expertise would be lost when
military personnel rotate to new assignments every
two to three years. In fact, a navy oceanographic
officer spends an average of only 1 - 2 years aboard
ship during his 20-year career (Phoebus 1991, personal communication). Because the oceanographic
officers have had less time to develop expertise at sea,
the shipboard TESS(3) satellite display capabilities
may not be used as extensively as they would by a
trained imagery interpreter.

4. Tasks of an automated imageryinterpretation system
Given that the advanced display capability described above will soon be available on large navy
ships, it would be desirable to assist its shipboard
users in taking full advantage of its abilities. One useful
aid would be a completely automated imagery interpretation. Beginning about three years ago, the Naval
Research Laboratory (NRL), (then the Naval Environmental Prediction Research Facility) in Monterey,
initiated research in this area. The primary purpose of
this article is to describe the work accomplished so far,
and to detail the initial design of the proposed system
and the current plan to achieve the goal of automated
imagery interpretation.
a. Imagery interpretation expertise
Before attempting the difficult problem of automated pattern recognition, the first effort was to develop an expert system (ES) that could provide the
interpretation expertise available in the NTAGs. For
example, if the user could determine that a cold front
is visible in an image, then what are the meteorological
conditions (e.g., icing, turbulence) associated with
that front? The development of such an ES began after
a successful, two-year effort to develop an ES for
forecasting maritime fog (Peak and Tag 1989).
The resultant product was the Satellite Image AnalyVol. 73, No. 7, July 1992
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TABLE 1. Types of synoptic features analyzed by SI AMES.

Closed cells behind front
Frontal vortex
Open cells behind front
Anomalous gray shades
Convective clusters
Island effects
Nonfrontal open cells
Nonjet cirrus
Solid cloud deck
Tropical waves

Cold front
Jet-stream cirrus
Anomalous cloud lines
Cloud lines
Gravity waves
Nonfrontal closed cells
Nonfrontal vortical patterns
Open-ocean cloud lines
Sun glint

sis Meteorological Expert System (SIAMES) (Peak
1989), an ES to provide an intelligent interface between the user and the computer. The expertise for
SIAMES was gleaned from the NTAG series (e.g., Fett
and Bohan 1977; Fett et al. 1984). In its current
version, SIAMES has the capability to analyze 19
different synoptic features, ranging from a frontal
vortex, to a nonjet cirrus, to sun glint (see Table 1 for
complete list).
The user has the choice of analyzing specifically for
one or more of the features available in the list. There
is a "help" feature that currently provides a written
description of the observed feature. Realizing that this
mode is not optimal, we plan eventually to provide
example comparison imagery, preferably on computer disk, or at least within a loose-leaf notebook.
Following the user's responses to detailed questions regarding the image, SIAMES then provides its
synoptic analysis in the following 23 categories:
Air temperature
Cyclones
Inversion
Jet type
Sea state
Stability
Turbulence
Wind direction
Anomalous features
Dust
Jet location
Moisture

Squall lines
Synoptic features
Vertical motion
Wind speed
Contrails
Fronts
Jet stream
Propagation anomalies
Stratus
Thunderstorms
Visibility

SIAMES is still in a state of development and is not
intended to be transitioned to operational use soon.
However, a specialized adjunct of SIAMES is nearing
completion, and is intended to be a part of TESS(3)
long before the fully automated system. This expert
system, called ExperCAT, specializes in the evaluation of high-altitude, clear-air turbulence (CAT). To
elucidate the SIAMES analysis approach, several
components of the ExperCAT logic will be shown.
The CAT expertise available in ExperCAT was
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increased significantly (over that available from the
NTAGs), mainly from work conducted by NOAA/
NESDIS (Ellrod 1985, 1989) over a 10-year period.
ExperCAT specializes in diagnosing turbulence that is
nonconvective and occurs at altitudes greater than
6000 m. Because it is a mesoscale phenomenon, CAT
is difficult to diagnose by using relatively coarse (horizontal and temporal) resolution, upper-air data measurements. For this reason, the focus of turbulence
detection has shifted to the use of satellite imagery.
Figure 1 depicts a computer screen display from an
example run of ExperCAT. The user is presented with
a question regarding the upper synoptic flow pattern,
and a set of five possible responses. On the actual
color display, a highlighted bar, appearing over the
first selection, can be moved by striking the arrow keys
until it is over the item the user wishes to select or ask
further information about. In this case, help information regarding the third choice (hyperbolic flow pattern) has been invoked by pressing the F2 key, resulting in the display of explanatory text regarding that
potential selection (Fig. 1). There are a total of 64 rules
in the current version (1.3) of ExperCAT. Figure 2 is an
example of a forecast screen showing that CAT of
moderate-or-greater strength is expected, along with
the supporting ExperCAT facts that produced this
conclusion.
b. A contextual approach for pattern recognition
The creation of an expertise base within an ES such
as SIAMES is an easy task compared with the obstacles involved with automated pattern recognition.
Human beings use a wide variety of techniques and
skills in the interpretation of images. The patternrecognition abilities of the human eye/brain are far
superior to any current attempts at automation. It has
been hypothesized that the brain acts as a huge
parallel processor in which the individual processing
units (neurons) can communicate with others. People
also use reasoning skills in the image-interpretation
process. Meteorologists use knowledge about underlying processes, and experience with past satellite
images, to assist in interpreting the image. Inferences
from the temporal location of features and evolution of
features are important inputs to the interpretation
process.
By definition, an interpretation process implies that
some degree of knowledge about the world is used.
What is seen is interpreted using some conceptual
model as a framework for understanding what the
world is like. The classic, Norwegian cyclone model is
an example of such a conceptual model. An overview
of the various conceptual models used in meteorological satellite interpretation may be found in Bader et al.
(1988). The models they describe include not only
997
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FIG. 1. Example of ExperCAT (Clear Air Turbulence expert system) screen, illustrating
ExperCAT "Help" feature for the selection "Hyperbolic (deformation zones)."

that such cold fronts often have
cold, unstable air behind them.
Thus, the conclusion might be
reached that the patchy cloud
area is open-cellular stratocumulus in the unstable air.
A precedent for this contextoriented analysis may be found
in McArthur et al. (1987). Their
knowledge-based system automates weather nowcasting by
attempting to match the situation at hand with "scenarios" from
past experience. In their patternrecognition approach, identifying a meteorological system is
not simply to identify a collection
of objects such as clouds, but,
rather, to identify a process. The
individual entities give clues to
the processes involved, but do
not themselves constitute the
process.
The SIAMES analysis process uses a context-based
framework to build an internal
model of the image at hand. As
new features are identified and
analyzed in detail, knowledge
about other likely features leads
to a search for those features.
Thus, SIAMES contains both the
image-interpretation expertise
and also provides heuristic guidance for the image-analysis process.

c. Pattern recognition using
neural networks
FIG. 2 . Example of typical ExperCAT forecast, with accompanying "ExperCAT Facts"
The problem of isolating and
reasoning summary.
identifying cloud patterns remains to be addressed. The current version of SIAMES requests
recognizable features, but also information about the this information from human users. An automated
model's life cycle, physical processes, and associated image-interpretation system would require automated
inputs for SIAMES. The use of neural networks (NNs)
meteorological fields.
As an example, consider the idealized satellite (e.g., Lippman 1987) is forming the basis for such
image in Fig. 3. If a limited-region interpretation scheme automated pattern recognition at NRL. Artificial neural
such as that of Garand (1986) were used, the cloud networks have been recently successful as potential
pattern (Fig. 3a) might be difficult to interpret by itself. methods for solving speech- and image-recognition
However, a meteorologist would look at the whole problems. These models are composed of many
picture (Fig. 3b) and see that the banded cloud east of nonlinear computational elements operating in paralthat region fits the conceptual model for a cold front. lel in networks. Artificial NN structure is based on a
Knowing that the image is from the east coast of North simplistic understanding of biological nervous systems.
The NN approach has many advantages. The parAmerica, one might also know from past experience
998
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by presenting them with a series of cases and adjusting
the weights of the model interconnections in a way that
causes the network to "learn"
the desired input/output relationship. MLPNs have one or
more layers of nodes between
the input and output layers.
Networks with these so-called
"hidden layers" solve many of
the limitations of single-layer
perceptron networks (no hidden layers), but they were
impossible to train effectively
until recently. The training
problem was solved when
Rumelhart et al. (1986) devised the "back-propagation
algorithm." In back propagation, the error between the
actual and expected output is
used to adjust not only the
FIG. 3. An example of a satellite image-interpretation problem for: (a) a limited region, and (b)
weights
contributing directly
the same region in context of a larger region.
^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^
to the output, but also the
weights for the contributing
allel structure of such networks can provide very high units in previous layers. The reader is referred to
computation rates. NNs typically exhibit a greater Lippman (1987) for a detailed discussion of the multidegree of robustness than sequential methods be- layer perceptron net.
cause of their multiple processing units. Thus, poor or
missing input data to a few units do not significantly
impair the overall performance of the network. NN
5. Neural network applications to
classifiers are nonparametric and make weaker assatellite imagery
sumptions about the shapes of underlying distribu-

Most of the pattern-recognition
studies
at NRL have been conducted
using
multilayer perceptron nets [which] are
"trained" by presenting them with a series of cases and adjusting the weights
of the model interconnections
in a way
that causes the network to "learn" the
desired input/output
relationship.

tions than traditional statistical classifiers. It is for this
reason that NNs can work well when distributions are
non-Gaussian.
Most of the pattern-recognition studies at N RL have
been conducted using multilayer perceptron nets
(MLPNs) (Peak 1991 a,b). These networks are "trained"
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a. Preliminary neural network study
In this section, two preliminary experiments in cloud
pattern recognition are presented. These studies demonstrate the feasibility of using NNs for this task, and
provide indications for the direction of future research.
In this first attempt, only relatively large-scale features
are chosen. GOES imagery is used because of its
wide-area coverage. Using infrared imagery from volume 4 of the NTAG series (Fett et al. 1984), a dataset
of cases are selected from three categories: fronts,
cirrus clouds, and vortices. These three synoptic features are chosen because they satisfy four requirements: they are 1) recognizable by a human, 2) of similar
(large) geographic size, 3) occurring in isolation, and
4) occurring in sufficient quantity to make up a dataset.
In choosing the cases, the description from the NTAG
text is used to determine the correctfeature classification.
Having defined the output categories to be classified, the next step is to define the input parameters
upon which the NN will be trained. The initial desire is
999
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TABLE 2. Large-scale synoptic feature types and number of
occurrences of each type identified in the GOES-West image set.

Feature
Frontal band/cold front (no vortex)
Frontal band/cold front (with vortex)
Trough/upper cold low
Stratocumulus/open cells
Fog
Tropical cyclone/hurricane
Cirrus/jet cirrus
ITCZ

Number
37
10
12
53
9
8
7
36
172

to use the spatial distribution of cloud types. However,
a spatial cloud-type analysis is not available for these
cases. For the purpose of this initial study, a simpler
type of input is used. Instead of using cloud types, a 5by-5 grid (each square being 5° by 5° of latitude/
longitude) is overlaid (centered on the image feature),
and the percentage of cloud coverage is estimated for
each of these grid squares. This sequence produces
25 inputs; a 26th, the northernmost latitude of this
feature-centered grid, is added. From a total of 19
images, 18 examples of each synoptic feature category are chosen. For this study, every third case of
each type is separated to form an independent sample.
Thus, of the 54 cases, 36 are used as a dependent set
to train the NN.
A two-layer neural network is used, consisting of 26
inputs feeding a single hidden layer of three units and
three output units (one corresponding to each of the
three feature categories). When trained on the dependent sample cases, the NN is comparatively slow to
converge, requiring 30 000 iterations. When tested on
the dependent sample, all but one of the 36 cases are
correctly classified. On the independent sample, only
limited success is expected because of the simplicity
of this approach and the similarity in the shapes of
fronts and cirrus bands. However, of the 18 cases, all
were correctly classified. Admittedly, these sample
sizes are quite small, and some of this success may
also result from the selection of cases from a time
sequence that produces some similarity between instances of a pattern. Nevertheless, these initial results
are an encouraging indication that the NN approach
might be applied to this feature-recognition problem.
b. Expanded neural network study
The next phase of the study attempts a more
thorough utilization of the GOES imagery. For this
experiment, an NRL associate with considerable ex1000

pertise in satellite-imagery interpretation (Robert W.
Fett) is called upon to analyze a sequence of GOESWest images taken from October to December of
1983. The 2045 UTC visible and infrared images are
selected every 3 days from this period, yielding 31
western North Pacific scenes containing various largescale synoptic features. Fett identified eight primary
large-scale feature types from this sequence (see
Table 2 for a listing and frequency of occurrence). A
small number of additional features is excluded because they appeared only once in the dataset.
A specific goal of this phase of development is to
use cloud types as input to the NN, in contrast to the
simplified cloud percentages used above. In his analysis, Fett analyzed three general types of clouds: high,
low, and multilayer. In addition to these three inputs,
two criteria are added to provide some indication of
feature shape. A crude estimate of shape was defined
by including the longitudinal and latitudinal extent of
each feature. Together with the northernmost latitude
of the features, there is a total of six inputs to classify
the eight features shown in Table 2.
Because the amount of time required to train an NN
is directly related to the number of inputs, it is useful to
perform a preliminary analysis to remove noncontributing inputs. We chose to use a method suggested by
S. Sengupta (1991, personal communication), namely,
the step-wise discriminant analysis program from the
Biomedical Computer P-Series (Dixon and Brown
1979). In discriminant analysis, statistical analysis is
used to divide cases into groups and find classification
functions (linear combinations of the variables) that
best characterize the difference between these groups.
A stepwise discriminant analysis is performed on the
cases using the six input variables. We found from this
analysis that the presence of high clouds in a feature
is not at all significant in differentiating between the
output categories shown in Table 2. Consequently,
the set of inputs is limited to the other five. It should be
emphasized, however, that this result applies only to
the dataset used here. The "high" cloud parameter
may prove to be useful in future attempts to discriminate different classes of features than those examined
here.
The cases shown in Table 2 are next separated into
dependent and independent training sets. The minimum number of cases required for training (A/trajn) is
heuristically determined by the relation

" t r a i n = e v n + n j x 5>

d)

where A/jn and A/out are the number of inputs and
outputs, respectively (Sengupta 1991, personal communication). Given that we have five inputs and eight
outputs, the training sample should have 65 cases.
Vol. 73, No. 7, July 1992
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Since we do not want to bias the
NN toward any of the classes,
the training set should also include an equal number of cases
from each output class. The 65
case sets divided by 8 yields
a p p r o x i m a t e l y eight c a s e s
needed for each synoptic feature. As can be seen from Table
2, two of the features have minimal representation, leaving no
cases left for an independent
testing. If we accept that no independent cases will remain for the
tropical cyclone and cirrus categories, we can still proceed, at
FIG. 4. Multilayer perceptron neural network, with five inputs (bottom row), eight outputs (top
least having adequate depen- row), and two hidden layers with seven and eight nodes, respectively. Circles represent neural
dent sample cases (except for processor nodes and lines denote weight connections between nodes.
cirrus, which is short by only one
— ™
case).
The NN configuration used is depicted in Fig. 4. shape measure would likely assist in these classificaThere are five inputs (bottom row) leading to seven tions. The limited independent sample test (Table 4)
and eight units in the two hidden layers, respectively, shows that the network continues to misclassify the
followed by the eight outputs. (The number of units frontal band (with vortex) cases. Notice also that
chosen in these hidden layers is somewhat arbitrary; seven of the stratocumulus cases are misclassified as
there is no set rule to determine their number.) Using fog. It is clear that some new type of input is needed to
the first eight occurrences of each feature type (and all separate fog from stratocumulus, since both phenomseven of the cirrus cases), a 63-case dependent ena are of similar cloud type and dimensions. The
sample is formed. The network is relatively easy to overall percent correct stays the same, however (83%).
It must be emphasized that this independent sample
train, having converged after 600 iterations.
For the dependent sample verification, the NN does not contain sufficient cases of several feature
performs generally well (83% correct), although it types to represent a conclusive, independent test.
clearly has trouble with the frontal band (with vortex)
To provide a performance comparison with an
and cirrus categories (Table 3). A more sophisticated alternate, statistical technique, discriminant analysis

TABLE 3. Contingency table of dependent sample cases for the network classifying frontal bands (without vortices) (Frnt), frontal bands
(with vortices) (Fr/Vor), troughs (Trf), stratocumulus (Strt), fog, tropical cyclones (TrCy), cirrus (Cirr), and intertropical convergence zones
(ITCZ). "Pent" indicates the percent of correct classifications in each row or column, and for all cases (bottom right).

ACTUAL

NET

Frnt

Fr/Vor

Trf

Strt

Fog

Frnt
Fr/Vor
Trf
Strt
Fog
TrCy
Cirr
ITCZ

8
0
0
0
0
0
0
0

5
3
0
0
0
0
0
0

0
0
8
0
0
0
0
0

0
0
0
7
1
0
0
0

0
0
0
2
6
0
0
0

0
0
0
0
0
8
0
0

Total
Pent

8
100%

8
38%

8
100%

8
88%

8
75%

8
100%
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TrCy

Cirr

ITCZ

Total

Pent

2
0
1
0
0
0
4
0

0
0
0
0
0
0
0
8

15
3
9
9
7
8
4
8

53%
100%
89%
78%
86%
100%
100%
100%

7
57%

8
100%

63

83%
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TABLE

4. As in Table 3, except for independent sample cases.

ACTUAL
Frnt

Fr/Vor

Frnt
Fr/Vor
Trf
Strt
Fog
TrCy
Cirr
ITCZ

20
4
0
1
0
2
2
0

2
0
0
0
0
0
0
0

Total
Pent

29
69%

2
0%

Trf

Strt

Fog

TrCy

Cirr

0
0
3
0
0
1
0
0

0
0
0
38
7
0
0
0

0
0
0
0
1
0
0
0

0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
28

22
4
3
39
8
3
2
28

1
100%

0
—

0
—

28
100%

109

4
75%

45
84%

is again used. This time, however, the discriminant
classification functions are themselves used as classifiers and the results compared with those of the NN.
The dependent sample results (Table 5) show a
decrease in overall performance (73% versus 83%)
compared to the NN (Table 3), even though the frontal
band (with vortex) cases are actually predicted with
more skill. In the independent sample test (Table 6),
the overall performance decreases only slightly, to
72%. The apparent skill in handling the frontal band
(with vortex) case is not apparent in this test, however
(0%). In addition, the discriminant functions have even
more difficulty distinguishing fog and stratocumulus
than did the NN (Table 6 versus Table 4).
These results are very encouraging, given the still
crude set of input parameters used. More sophisticated cloud types and shape measures will be used in

ITCZ

Total

Pent
91%
100%
100%
97%
13%
0%
0%
100%

83%

future studies, and should provide even better classification accuracies.

6. Image segmentation
As much as the preceding results are encouraging,
a completely automated system must address two
significant tasks. One is the identification of the cloud
types contained in the various cloud features. There
are several approaches to the automated classification of clouds, including multispectral thresholding and
the application of NNs to textural features; this portion
of the function is currently being addressed (see
Crosiar et al. 1990; Khazenie and Richardson 1991).
While the above NN results show promise in the
ability to discriminate between synoptic features, the
second significant task is that a human expert has to

TABLE 5. As in Table 3, except for dependent sample classifications using discriminant analysis (DA).

ACTUAL
Frnt

DA

1002

Fr/Vor

Trf

Strt

Fog

TrCy

Cirr

ITCZ

Total

Pent
50%
55%
80%
83%
70%
80%
100%
100%

Frnt
Fr/Vor
Trf
Strt
Fog
TrCy
Cirr
ITCZ

4
4
0
C
0
0
0
0

2
6
0
0
0
0
0
0

0
0
8
0
0
0
0
0

0
0
0
5
3
0
0
0

0
0
0
1
7
0
0
0

0
0
0
0
0
8
0
0

2
1
2
0
0
0
2
0

0
0
0
0
0
2
0
6

8
11
10
6
10
10
2
6

Total
Pent

8
50%

8
75%

8
100%

8
63%

8
88%

8
100%

7
29%

8
75%

63
73%
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TABLE

6. As in Table 5, except for independent sample cases.

ACTUAL
Fmt

Fr/Vor

Trf

Strt

Fog

TrCy

Clrr

ITCZ

Frnt
Fr/Vor
Trf
Strt
Fog
TrCy
Cirr
ITCZ

18
9
0
0
0
2
0
0

2
0
0
0
0
0
0
0

0
1
2
0
0
1
0
0

0
0
0
29
16
0
0
0

0
0
0
0
1
0
0
0

0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0

Total
Pent

29
62%

2
0%

0

4
50%

45
64%

1
100%

0
—

—

Total

Pent

0
0
0
0
0
0
0
28

20
10
2
29
17
3
0
28

90%
0%
100%
100%
6%
0%

28
100%

109

—

100%

72%

locate and choose the set of cloud features for the NN ocean or land regions. Often, the cloud regions do not
to discriminate. The process of dividing the image into have sharp, well-defined edges. This characteristic
such meaningful regions to be identified is called would tend to support the use of the region-growing
methodology. The unanswered question is what hapimage segmentation.
There are at least three approaches to the segmen- pens when there are adjacent cloud features. Both
tation problem. In the first approach, the image is methodologies might have difficulty in such situations.
analyzed to find strong gradients of brightness tem- Boundary edges might be difficult to detect when
perature that correspond to object edges. Once all of features are adjacent. On the other hand, adjacent
the edges are found, the image is separated into cloudy regions might tend to be combined due to
regions with common boundaries. The main difficulty similar gray shades encountered by a region-growing
with this approach is that edge-detection operators methodology. A preliminary experiment in segmentarespond not only to gradients that actually define tion of satellite images into large-scale cloud features
cloud-region boundaries, but also to gradients that will be presented in this section.
The region-growing approach considered here is
indicate region details or shadows. For images containing regions of similar gray shade, critical edges called the Hierarchical Stepwise Optimization (HSWO)
may not be detected. For our problem, adjacent cloud algorithm (Beaulieu and Goldberg 1989). The basis
features would be difficult to distinguish in this fashion. for clustering techniques is the progressive combinaA second segmentation approach, often referred to tion of regions, which can be represented by a tree
as "region growing," involves clustering of regions with (Fig. 5). Segments at lower levels are joined to form
similar gray shades. The analysis begins at the pixel segments at higher levels. Through a mathematical
level, where some measure of similarity is used to derivation, Beaulieu and Goldberg (1989) arrived at a
decide which adjacent pixels are most similar. These criterion for defining the similarity of adjacent regions.
pixels are combined to form new
regions. The process continues as
similar adjacent regions are combined until the desired image segmentation is achieved. In this process, it is not the edges that are
important, but rather the homogeneity of the interior of each feature.
The third approach is a hybrid of
both of these approaches.
In the satellite image-segmentation problem, cloudy regions have
generally brighter gray shades comFIG. 5. (a) Segment combination hierarchy during the clustering process (bottom to top),
pared to the darker background and (b) corresponding segment tree (from Beaulieu and Goldberg 1989).
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FIG. 6. GOES-West image for 15 November 1983, used for digitization and later segmentation using Hierarchical Stepwise Optimization
(HSWO) (see Fig. 7).

This similarity is defined in terms of the cost of combining adjacent regions:
A/,, x N,

2

(2)

where the subscripts / and j denote adjacent regions,
C is the cost of combining the two regions, N is the
number of pixels in a region, and x is the mean grayscale value of the pixels in a region. The procedure is
to calculate the cost of combining any two adjacent
regions in the image. The two regions that result in the
lowest cost are determined to be the most similar and,
therefore, are selected to be combined. Notice that the
cost function is equal to zero when adjacent regions
have the same mean gray scale. Thus, the HSWO
procedure first combines all of the homogeneous
adjacent pixels. As the average gray-scale difference
increases, the cost value rises exponentially. Since
the numerator of Eq. (2) is the product of the region
sizes while the denominator is only their sum, larger
regions tend to have higher costs. Thus, the scheme
tends to distinguish large-scale regions better than
small-scale regions. For the purpose of large-scale
feature identification, this property is desirable. The
ratio also ensures that the cost of combining regions of
similar size is higher than the cost of annexing a small
region into a large one.
1004

The HSWO algorithm is structured to combine the
two lowest-cost regions repeatedly until only a single
region (the entire image) remains. For a meaningful
image segmentation, the merging procedure must be
stopped after the noisy, small-scale regions are assimilated, but before the meaningful, large-scale regions are combined. Ways to halt the process based
on the minimum cost-function increase are a topic for
further research and experimentation.

The HSWO algorithm is structured to
combine the two lowest-cost
regions
repeatedly until only a single region (the
entire image) remains. For a meaningful
image segmentation,
the merging procedure must be stopped after the noisy,
small-scale regions are assimilated\
but
before the meaningful,
large-scale
regions are combined.

A number of segmentation experiments have been
conducted at NRL using the HSWO procedure, one of
which will be illustrated here. The image chosen for
presentation is the GOES-W visible image for 2045
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FIG. 7. HSWO-defined segmentation regions for image depicted in Fig. 6.

UTC on 15 November 1983 (Fig. 6). The major features to be isolated are 1) a frontal band in the western
midlatitudes, 2) a frontal band extending offshore from
the Pacific Northwest, 3) a region of stratocumulus
west of Baja California, and 4) a long, intertropical
convergence zone (ITCZ) spanning the tropics. There
are smaller features as well, but the focus here is to
attempt the segmentation of large-scale cloud features only.
Because the GOES digital data were not available
for this study, the photographic image shown in Fig. 6
is digitized to gray-shade values at 7.5-dots-per-inch
resolution. The HSWO segmentation for this image is
presented in Fig. 7. The segmentation procedure
results in six regions. An analysis shows that HSWO
does an excellent job of outlining the western front (E).
The main body of the Pacific Northwest front (D) is also
segmented well. There is a dim, warm front (that does
not show up well here), extending from Washington to
northwest Colorado, that is included in area D. One
disadvantage in using navigated, photographic images is that the white coastal lines overlaid on the
image tend to contaminate the gray-shade values. For
this reason, area D extends to the northwest to include
the bright, complex coastline of Alaska and British
Columbia. A major disappointment is the failure of
HSWO to include the thin trailing frontal band into area
D. This band has instead been incorporated into the
mostly noncloudy area C. This noncloudy region has
Bulletin American Meteorological
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no meaning in terms of cloud areas; it occurs because
the planetary albedo causes some brightness. Interestingly, the planetary portion of C has been included
with the outer-space background areas at the top left
and right of the image. Area F is a similar, noncloudy
area. Area B indicates that the ITCZ is well handled; it
spans the width of the image, ignoring local breaks and
details in the cloud region. The stratocumulus region
is outlined (A), but the long, thin cloud band extending
to the north has caused HSWO to include it in a broad,
less contrasting area that spans the planetary boundary of the image.
The minimum cost-function values from the last 20
iterations of the segmentation are plotted, including an
arrow indicator of the stopping point used (Fig. 8). This
cost-function change reveals the large jump in minimum cost, as suggested by Beaulieu and Goldberg
(1989) as the stopping point.
The HSWO algorithm was tested on a total of six
such images containing some considerably more complex features. Tests with different resolution and with
different forms of the cost function showed promise in
the ability to segment certain synoptic features. However, the scheme is often inadequate in discriminating
many of the complex cloud patterns that appear in
these images.
The highly complex nature of these cloud features
causes serious problems for existing segmentation
methods. The cloud patterns may have relatively large
1005
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FIG. 8. Minimum cost values as a function of the number of
regions left uncombined during the segmentation of the image in Fig.
6. Arrow indicates the cutoff point resulting in the segmentation
regions depicted in Fig. 7b.

loosely defined overall design. However, as development continued, an overall method for integrating
these processes began to emerge. Various components may change (particularly in the method for
isolating synoptic features on an image), but an overall
approach for achieving an automated image analysis
has been formulated.
This system architecture is illustrated in Fig. 9. Data
are analyzed first at the pixel level and translated into
cloud categories via a "cloud classifier." These categories may be the traditional cloud types as shown in
the illustration, or they may be newly defined categories determined to be more suitable for assessment of
synoptic features. These categories are then passed
to the "feature classifier," whose job it is to recognize
the synoptic feature that the clouds represent. An ES
(such as SIAMES) then interrogates the feature classifier to provide details required to give an analysis to
the user. Although the data flow presented here is from
the pixel level to the image interpretation ("bottom
up"), the contextual search approach of SIAMES may
generate some "top-down" analysis as well.
Based on our experience thus far, the initial cloud
classification and the final ES analysis are components that are achievable with currently available

holes and ragged edges. Correct segmentation appears to
require the use of some top-level
information about the features.
Constraints on the size and
shape of features allowed, and
on the spatial interrelations of
such features, should be included
in the segmentation scheme.
Thus, segmentations that fit into
more likely cloud configurations
would be given preference over
segmentations that do not fit the
expected model. Ongoing research at NRL using neural networks to accomplish such a constrained segmentation will be
reported in a future publication.

7. An integrated
automated analysis
approach
The components described
above have been studied somewhat independently (albeit in the
order described), with only a
1006

FIG. 9. Schematic illustration of analysis sequence to perform an automated satellite-

imagery interpretation.
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supervisor" (Fig. 10) performs the same function by
turning over this more detailed study to specialized
"small-feature identifiers" that have been trained to
look for details particular to those features. Further
identifiersforevensmallerfeatures would concentrate
on the details required for an ES such as SIAMES. Just
as in human pattern recognition, there would be regions that are "unprocessed" by the analysis supervisor; they may not fall into conventionally understood
patterns and would require special attention.
Together, Figs. 9 and 10 provide an integrated
"end-to-end" system for automated imagery interpretation. Specific components, such as cloud classification and the ExperCAT program, are useful by themselves and are planned for transition to TESS(3).
However, our longer-term goal is to provide a completely automated system for our shipboard users.
The implication of such a system is that an objective
satellite-image analysis can be provided in situations
where the shipboard user might not have been exposed to enough situations to develop a high level of
image-interpretation expertise. Future efforts will be
made in improving the components described here,
and in linking the separate components into a complete image-analysis system. The challenges are significant, but the rewards will be well worth the effort.

FIG. 10. Flow-chart illustration of first three boxes shown in Fig.
9, working from pixel-level data through to the identification of
synoptic features.
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