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2.1 Introduction

Advances in remote sensing are often focused on technological innovations in
imaging equipment and in computational techniques that enable image data
to be interpreted automatically.8 In this chapter, we discuss the importance of
the human interpreter in processing remote sensing data. To this end, we will
draw on literature from both remote sensing and cognitive psychology. We
will illustrate the nexus of these areas with a demonstration experiment exam-
ining novice/expert differences in the interpretation of aerial thermograms.

2.1.1 What is remote sensing?

The prototypical remote sensing situation involves a sensor taking an image
of atarget a great distance away. The image is often formed from some energy
source outside the range of sensitivity of the human visual system. For exam-
ple, a satellite in geostationary orbit might generate an infrared image of the
northeast coast of the U.S. As another example, a radio telescope in the
Arizona desert might generate radio-frequency images of distant space. Such
images pose a number of interesting interpretation problems. First, the per-
spective of the image is different from what people typically see. Aerial
images typically yield overhead views of a region, whereas people typically
view the world from a terrestrial perspective. Second, the scale of the images
is different from what people typically encounter. Third, there are many ways
to map intensities of the sensed quantity (e.g., infrared radiation) onto a vis-
ible image. These choices will affect the (visible-light) perceptual properties
of the image. Finally, through evolution, the human visual system has adapt-
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ed to allow us to deal with the visible world. Comparable evolved mecha-
nisms do not exist for interpretation of nonliteral images.

Remote sensing scientists are well aware of such problems, and as a
result the field of remote sensing has become a unified discipline devoted to
the development of tools to facilitate interpretation by humans and to create
tools for automated interpretation of images (see 68.120.175),

To be clear at the outset, while the typical case of remote sensing involves
a situation like that described above, research on remote sensing also
involves cases that differ from the prototype. For example:

= The sensor does not have to be far from the object of study.

A natural resource manager may be tracking the migrations of radio-tagged
caribou, and in this case the object of study is in direct contact with the sen-
sor, but the radio signals are tracked via a geostationary satellite that is 25,000
miles in space. The manager views the data overlaid on an aerial perspective
map, as if looking down at the Earth.

« The sensor does not have to be far from the observer.

A meteorologist predicting the weather using a ground-based radar may be
a mere ten meters from the sensor (the radar antenna), but the view is of the
atmosphere scores of kilometers distant from the sensor. An astrophysicist
studying quasars using a ground-based radio telescope may be tens of meters
from the sensor, but the object viewed may be billions of light years away. An
aircraft pilot using a light amplification (“night vision™) system is in direct
contact with the sensor (i.e., special goggles).

= The sensor does not always look downward, and the perspective is not always
aerial.

An aircraft pilot uses an infrared imaging system to look downward in a non-
terrestrial perspective. Weather radar looks outward and upward from its
antenna. The main products from weather radars involve a transformation in
which data are viewed from an aerial perspective, but weather radar is
also used to generate graph displays showing height in the atmosphere on
the y-axis, time on the x-axis, with winds indicated by traditional “wind
speed barb” symbols that use lines to indicate wind direction and speed.
Such graphs do not depict aerial perspective.

What makes remote sensing “remote” is that either (1) the sensor is dis-
tant from the object of study by a scale equal to or greater than kilometers, or
(2) the observer is distant from the sensor by a scale equal to or greater than
kilometers, or both (1) and (2). Hence, remote sensing can be distinguished
from “proximal sensing” and “micro-sensing” These terms designate such
things as medical imaging, scanning tunneling microscopy, the bubble cham-
ber of particle physics—any technology used to study things on micro scales.
In these cases, the distance from the observer to the sensor is usually on the
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scale of meters and the distance from the sensor to the object of study is also
on that or some smaller scale.

Although remote sensing evolved from aerial photography (visible-light),
remote, proximal, and micro-sensing all involve the mediation of perception
through a technology that detects some forms of information-containing
energy that the human sensorium cannot detect—"“nonliteral” imaging.* The
human eye cannot see an electron, or an ultraviolet quasar, or the isothermal
patterns indicative of plankton concentrations.

2.2 The “human factor” in remote sensing

Interpreting a remote sensing image is an open-ended task. The interpreter
often does not know exactly what pattern is going to appear in an image. A
project examining patterns of rainfall and drainage in a region might look for
specific high-level properties of an area such as drainage basins. However,
the specific perceptual manifestation of these high-level properties will differ
from situation to situation, and thus, there is not a one-to-one mapping
between particular properties of an image and the high level-properties it
depicts. The job of the human interpreter is to make this link between the
images and the high-level properties.

Remote sensing is an increasingly important technology in environmen-
tal and planetary science.37.68.94 |t is also becoming salient in the culture at
large. Launches of new satellites (by both governmental agencies and com-
mercial enterprises) with evermore advanced imaging capabilities have
become almost routine. Satellite and radar images are routinely shown on
televised weather forecasts, images from planetary probes adorn the covers
of popular periodicals, and infrared imaging was daily fare on television
news broadcasts during the 1991 Gulf War. But the wealth of new image data
has created a problem—the “data analysis bottleneck.” It would not be an
overstatement to say that there are already enough satellite data in archives
to keep the available image analysts busy for decades. Indeed, much data
will probably decay before it can be analyzed in detail.” One design for the

*Despite vast differences in data types, the same human factors issues and the same practical
issues (e.g., display design) apply equally well to micro-sensing as to remote sensing (e.g.,
expertise and display design in radiology), magnetic resonance imaging, X-ray diffraction
crystallography, and so on.

TA hypothetical satellite of the type that initiated the field of remote sensing of the weather
would transmit one visible light and one infrared photograph every half hour to fifteen min-
utes. Over ten years that would amount to between about 350,000 to 700,000 images. In orbit
today are scores of remote sensing platforms of a great many types that collectively generate
thousands, if not tens of thousands, of image data sets in a single day. Over the decades of
satellite observation of the Earth, few image data sets have been preserved in image hardcopy
form and countless digital tapes of remotely sensed data have decayed. As a matter of routine,
some data are never preserved. For instance, the National Oceanic and Atmospheric
Administration (NOAA) Weather Forecasting Offices only archive data that pertain to

2001 by CRC Press LLC



Earth Observation Satellite system would have entailed the generation of
over a terabyte of new multispectral image data per day.

Given the ever-increasing volume of remotely sensed data awaiting
analysis, and given the continuing improvements in sensors and information
processing systems, the emphasis in the field of remote sensing has been on
widening the bottleneck through the use of automated data analysis
approaches such as pattern recognition and algorithmic spectral analysis
(cf. 83105 However, pattern recognition and automatic image processing
techniques remain inadequate.5” The human must be “in the loop,” since the
human, unlike the computer, can perceive and can form (and re-form) con-
cepts. As Campbell put it in his text, Introduction to Remote Sensing:

Although [computer analysis of pixel values] offers the benefits of
simplicity and economy, it is not capable of exploiting information
contained in relationships between each pixel and those that
neighbor it. Human interpreters, for example, could derive very
little information using the point-by-point approach.2*

Even if most image analysis is ultimately conducted by machine, humans
will continue to make the important interpretations, and make decisions
based on the interpretations. They will continue to be the agent that creates
the new algorithms that are used to process the data in the first place, and
they will continue to do so in part by “fiddling” with their displays (e.g., the
color coding schemes), and by reasoning around the interpretation anomalies
that can arise as display schemes are applied to actual data sets (see 2). It can
be argued that the essential unity of remote sensing is expressed by the con-
cept of “remote perceiving.”88 That is, the ultimate purpose of all the tech-
nology of sensors and information processing systems is to support
the human interpretation of data to derive meaning and make decisions on
the basis of the interpretation.

The importance of the human perceiver in the field of remote sensing is
underscored in Campbell’s text, in which nearly every chapter includes some
allusion to the critical importance of the interpreter’s knowledge and skill:

... It is important to recognize that the role of the equipment is
much more important, and much more subtle, than we may first
appreciate. Display and analysis hardware determine in part how
we perceive the data, and therefore how we use them. The equip-
ment is, in effect, a filter through which we visualize data. We can
never see them without this filter because there are so many data,
and so many details, that we can never see them directly.

interesting or otherwise special cases of weather events. In other words, we are so over-
whelmed that we are losing data at a considerable rate even while plans are being laid for gen-
erating terrabytes of new data.
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The human interpreter is good at distinguishing subtle differ-
ences in texture. ... Direct recognition is the application of the
interpreter’s experience, skill, and judgment to associate the
image patterns with informational classes. The process is essen-
tially a qualitative, subjective analysis of the image using the ele-
ments of image interpretation as visual and logical clues . .. for
image analysis, direct recognition must be a disciplined process,
with a careful, systematic examination of the image.

Today’s interpreters of archived satellite imagery face some dif-
ficulties. Many of the original interpretations depended not only
on the imagery itself but also on the skill and experience of the
interpreters . . . many critical interpretations depended on the ex-
perience of the interpreters with long experience in analysis of
images—experience that is not readily available to today’s
analysts.

For manual interpretation, ancillary data have long been useful
in the identification and delineation of features on aerial images.
Such uses [are an] application of the interpreter’s knowledge and
experience. . . .

The interpreter’s task is not so much one of identifying separate
objects as it is the accurate delineation of regions of relatively
uniform composition and appearance. The goal should be to per-
form this mental generalization in a consistent, logical manner
and to describe the procedures accurately. . . . The guiding princi-
ples should be the attainment of visual and logical clarity ...
[supporting information] includes not only the formal written
material that accompanies the map [that is produced from remote
sensing imagery] but also the wider realm of knowledge that
[is used to] examine and evaluate the map.*

Statements of precisely these kinds can be found in every text on remote
sensing, and all of them serve to highlight the importance of the interpreter’s
knowledge, skill, and experience in the interpretation of all forms of imagery
(e.g., visible-light amplification, multispectral imagery, thermal imagery,
radar, etc.) and all forms of processed imagery (e.g., ratio images, false-color
images, multispectral chromaticity spaces, photoclinometric images, and so
on). The interpreter’s knowledge is, and must be, brought to bear on all
aspects of image interpretation—the recognition of soil and rock types
through the perception of tones, the discrimination of plant types in normal-
ized vegetation indexed images, and so on.

In addition to the critical role of the human interpreter in routine
procedures, important discoveries have been made in remote sensing (e.g.,
planetary science, archaeological applications, geomorphology, and so on),
not through automated analysis, but through the human perception-
interpretation process.8%:9% Here are a few of the countless stories that are sug-
gestive of the cognitive foundation of remote sensing.
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e The signs [of auroras on Venus] were first noticed in 1982 when
Larry Paxton, now with the Naval Research Lab, saw a “few puzzling
patches of brightness” on the Ultraviolet Emissions Spectrometer
about the Pioneer Venus Orbiter (UVS). . . . Paxton initially wondered
if there might be something wrong with the image. A glance showed
similar features on other images, so he next looked to see if there was
perhaps a mistake in the mapping algorithm that had been used to
make pictures from the spacecraft’s data. There was such an error, it
turned out, but correcting it just made the patches brighter (adapted
from 49),

e Though the National Oceanic and Atmospheric Administration
(NOAA) satellites were designed with meteorologists in mind, the
remote sensing community discovered that the sensors aboard the polar-
orbiting satellites could be used to distinguish forest from non-forest. On
one channel in the mid-infrared region, forests appear cooler and clear-
ings warmer. This was very fortuitous (adapted from 10).

= Analysts can make vegetation appear green or red, or even blue in the
false-color composite image just by assigning different colors to dif-
ferent bandwidths of digital imagery.... The Landsat Thematic
Mapper does give an analyst flexibility, but it also introduces a prob-
lem. ... The analyst can be easily misled by the composite image . ..
when swapping colors and bands if he does not understand the spec-
tral characteristics of soil, rock, and vegetation. Typically, analysts cre-
ate a standard false-color composite image by assigning bands 2, 3,
and 4 to the blue, green, and red guns on the Cathode Ray Tube (CRT).
[But] some analysts feel that the image “looks” better if they use band
7 instead of 2. As a result, they create a composite image that may
cause wrong interpretation. ... An interpreter can make any color
associations he wishes, but he may have difficulty in interpreting the
resulting composite image (adapted from 32).

= Most of our current knowledge of galaxy morphology is based on the
pioneering work of several dedicated observers who have classified
and cataloged thousands of galaxies. . . . It is remarkable that . . . sub-
jective classification labels for galaxies correlate well with physical
properties such as color, dynamical properties (e.g., rotation curves
and stellar velocity dispersions), and the mass of neutral hydrogen.
Human classifiers will need all the help they can get to cope with the
flood of data that is expected from efforts like the Sloan Digital Sky
Survey, which by itself is expected to image more than a million galax-
ies. [To take] a first step toward finding an automated method of
galaxy classification, we compiled a well-defined sample of galaxy
images. . . . One of the galaxies got exactly the same classification by
all six observers, but there was no such clear agreement on the other
three galaxies. . .. Any classification depends on the color, size, and
quality of the images used.... Our comparison indicates that
although the [galaxy classification system] is convenient, the scatter
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between observers is not negligible. Further work will focus on super-
vised [classification] to preserve human experience in multidimen-
sional classification (paraphrased from 195, see also ).

< In a project involving the relocation of indigenous peoples in New
Guinea, researchers presented false-color infrared Landsat images to a
group of natives. “The most amazing thing that struck me every time
was the ability of the local people to immediately and intuitively
understand the geometry of Landsat images . .. at a glance they rec-
ognized their villages and other local features. They do not inquire
where the pictures come from, nor do they have an inkling of the tech-
nology behind it all, but they understand the information and can use
it immediately” (Wine Langeraar quoted in 53).

= |In the process of examining various bandwidths of Voyager data that
came back from the moon lo, Linda Morabito of the Jet Propulsion
Laboratory in Pasadena, CA was performing a contrast enhancement
operation in order to resolve the faint background stars. Such an inter-
pretation process is usually driven by its particular objectives, and
only the objects of interest are studied. However, she observed an
anomalous region of energy at the horizon of the moon. With a bit
more manipulation of the contrast, it became clear that she had hap-
pened to catch a volcano in the act of erupting. The plumes would
have been discovered eventually during systematic image processing
and interpretation. However, this discovery of active volcanoes on
another planetary body was very exciting (adapted from 7).

= Beginning in 1982, a device called the Synthetic Aperture Radar was
flown aboard Space Shuttle missions, with the purpose of mapping
the surface of the earth. . ... scientists at the U.S. Geological Survey
(USGS) saw some Shuttle Imaging Radar (SIR) pictures that changed
their conception of the Sahara Desert’s underlying structure. The
Shuttle Imaging Radar System (SIR-A) sent back picture-like data
revealing a vast network of valleys and smaller channels winding
beneath the desert sands. In the Sahara’s super-dry core region, the
radar penetrated right through the sand to reveal gravel terraces and
river banks surrounding an ancient drainage system.” 169 Radars, gen-
erally, do not penetrate soils. But, unexpectedly, the SIR did penetrate
the dry desert soils. Within a second or so of their very first glance at
the pictures, the pictures spoke a thousand words to the USGS scien-
tists. The initial discovery, and subsequent excavations (geological,
hydrological, and archaeological) all made the headlines.

2.3 Psychological research related to remote sensing

As the previous section demonstrates, there are many ways in which the
human contributes to the analysis of remote sensing images. There is a
considerable amount of pertinent psychological research that has explored
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phenomena including: concept formation, graphical perception, expert/
novice differences, and perceptual learning. We now summarize some of that
research, organizing the discussion around aspects of perceptual learning, a
concept that provides a unifying theme for this volume. Following this dis-
cussion, we present an experiment that illustrates perceptual learning in the
context of remote sensing image interpretation.

2.3.1 Research on the interpretation of diagrammatic
and pictorial displays

Because the human visual system is designed to recognize complex patterns,
graphic displays can be developed to assist in the interpretation of complex
data sets. Thus, psychological factors have become an important considera-
tion in the display of multidimensional data (see #374189) including carto-
graphic data’18:4245123124,125145,164.177 and meteorological data (e.g., satellite
imagery, radar, etc.).2 Topics in visualization and diagrammatic reasoning
have become “hot” in the field of artificial intelligence (see 22).

2.3.1.1 Diagrammatic reasoning

In concert with recent developments in scientific visualization, an extensive
body of research has demonstrated that the solving of abstract problems (e.g.,
algebra, logic, combinatorics) and puzzles (e.g., the “Tower of Hanoi” prob-
lem) can be significantly facilitated if the problems are accompanied by dia-
grams that depict concepts, functions, and relations (e.g., 496:106.107.193)
Psychological research has shown that the comprehension of illustrations that
accompany text depends on the type and difficulty level of the text, the level
of expertise of the learner, the strategies the learner uses, and the relation
between the type of material to be learned and the type of graphic
(see 6499.147.194195) geientific material presented in textbooks can be more
readily understood if accompanied by appropriate diagrams, e.g., showing
clouds and the distribution of electric charges that cause lightning, diagrams
showing the structure and operation of machines, electronic circuits, problems
in mechanics involving pulleys and springs, etc. (see 4108126139 although
textbooks often do not use graphics appropriately or effectively (see 112197),

An example is the work of educational psychologist Richard Mayer and
colleagues.13%131 They have conducted a number of experiments on how
college-age students learn from illustrations in scientific texts. They have
demonstrated that comprehension and recall of passages about common
machines (e.g., the workings of a brake mechanism or a pump mechanism)
and responses to a problem transfer task improve when the text is accompa-
nied by labeled illustrations, especially for students who have had little
household repair experience. Presenting the figure labels alone does not help,
even though labels—for the most part—repeated information that was con-
tained in the text. Students who saw the text with labeled illustrations
showed better transfer performance (e.g., answers to what-if questions about
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the problem situation) and greater recall of explanation-related information.
Furthermore, multiframe illustrations that showed the steps or sequences of
events (e.g., what happens as a pump rod is pulled out) as well as those that
labeled the parts of the mechanism were more instructive and beneficial to
problem solving transfer than illustrations that just labeled the parts. In a
study using animations,130 those that were accompanied by verbal descrip-
tions were more beneficial to problem solving transfer than when the verbal
explanation was presented before the animation, even though recall of the
verbal information was about the same in both conditions. Mayer’s view is
that labeled dynamical illustrations assist in the formation of useful mental
models that combine principle-based understanding of causation with a
dynamic, imagistic understanding.

2.3.1.2 Pictorial reasoning

Laboratory research on the effects of pictorial displays on performance in
stimulus detection tasks, multicue judgment tasks, and memory tasks, has
demonstrated that display formats can hinder or facilitate the perception and
comprehension of information about spatial layouts, dynamic events, and
causal processes, and the configural relations of systems that are defined by
multiple variables or parameters (e.g.,’38%). Research has also shown that
useful displays are often those that depict meanings pictorially, and dynam-
ically mimic events and processes.519.41.44.50,52,190

Psychological studies of visual search in graphic displays have often uti-
lized matrix-like arrays of symbols (e.g., letters, numbers, regular geometric
shapes).2533.189.191 pgychological research using graphic displays has tradi-
tionally used highly impoverished artificial “maps” (e.g., a few simple con-
tour lines).34 In part, the artificiality of the stimuli is a consequence of the
need for experimental control—to permit factorial manipulation of such vari-
ables as data density, the colors and sizes of areas or symbols, and target pre-
dictability. However, most of the results end up being of marginal applicabil-
ity to real displays, such as maps, in which colors are variegated, shapes are
convoluted, the data are multidimensional, etc.

Fortunately, some research has departed from the “artificial stimulus”
tradition and investigated the perception and interpretation of remote
sensing imagery.

2.3.2 Reasoning about remotely sensed imagery

While it has been argued that psychological processes are fundamental in the
field of remote sensing,8:8992 psychological research is just beginning to
examine the processes whereby experts and novices perceive and interpret
remote sensing imagery (e.g.,%6:65.141.185) \While there is a tradition of research
on “cognitive maps” and psychological factors in the interpretation and
understanding of topographical maps and orienteering (cf. 20:51,59.81,165,180)
only recently has applied research shown that psychological factors of
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comprehension and memory are critical in the interpretation of meteorologi-
cal charts!® and aerial photos.82

...there has been little work in understanding the human
perception or cognition of remotely sensed imagery. Despite
this lack of research, we often design automated measures of
image cues, such as texture or pattern, with an implicit assump-
tion that we are emulating visual cues or at least matching human
performance. . . . But how do we know that such measures emu-
late visual cues of human processes without studying the human
processes and performance?82

In his seminal studies on this, Hodgson®883 asked how much local infor-
mation is needed for the human interpreter to classify a pixel. The automat-
ed analysis of pixel data to assign classification typically relies on small
windows of 3 X 3to 9 X 9 (for reasons having to do with computational effi-
ciency, image resolution, etc.), but is such a window size adequate for the
human interpreter? For smaller window sizes, neither trained nor untrained
participants should perform well at a classification task, whereas for larger
window sizes perhaps anyone could perform reasonably well.

In the experiment, black and white aerial photos covering the Denver
metropolitan area were cropped to a range of window sizes (from 10 X 10
pixels up to 100 X 100 pixels), and the cropped images were presented to
college students who had completed a course in aerial photointerpretation.
Their task was to classify pixels into land-use categories (i.e., ”Is this area
predominately residential, commercial, or transportation?””). Since humans “syn-
ergistically use a number of image interpretation elements, such as tone, pat-
tern, texture, shape, size and association82 in what cognitive psychologists
refer to as “top-down” processing, it was expected that the optimum window
size would be greater than that typically used in the automated analysis of
imagery. For example, areas of commercial land use can involve large park-
ing lots and buildings, requiring larger windows for correct classification.
The research findings confirmed the notion that smaller window sizes “con-
strain adequate contextual analysis”®? (i.e., top-down processing) upon
which human perception depends:

In normal circumstances, the photo interpreter may proceed
from known to unknown parts of a photograph, thereby using
information gained from one part of the scene in classifying other
parts . . . [this] calls into question the notion of using small win-
dows, regardless of the classification algorithm. . . . If the human
cannot correctly classify small subimages, then should we expect
an automated classifier to do so0?%?

Aesthetic judgments also come into play in the interpretation of remotely
sensed imagery. Sociologist Michael Lynch121122 interviewed a number of
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expert astronomers about the “representation craft” of generating false-color
displays based on multispectral data. The raw data from space probes and
satellites can be portrayed using a variety of color palettes, some of which can
be misleading. False-color multispectral satellite images that cover a range
of visible and nonvisible bandwidths (e.g., infrared, radar, X-ray, etc.) can
create special problems for display design and interpretation. A clear exam-
ple is the photographs of the planets that NASA produced from Voyager
data. Contrary to those brilliant and colorful depictions, most of the planets
look rather like dirty tennis balls; they are not vivid. The “Great Red Spot” is
not red; the moon lo does not look like a pizza (see 299). For public relations
purposes, astronomers orient explicitly to the aesthetic aspects of their
images, and are unashamed to talk about the “pretty pictures” that adorn the
hallways of their research facilities. For publications in popular outlets,
experts sometimes change their figures to match the goals of their text and
the figure captions, rather than writing captions to fit the figures. Even for
technical publications, images are tailored to show the features that are being
discussed (e.g., for an article about radio-emitting nebulae, an image may be
recolorized to make the apparent emission pattern match a visible-light
image).

The primary or scientific goal of image processing is to support scientists’
accurate perception and comprehension. As one expert astronomer put it,
“through a complex series of adjustments and modifications of an image. . . .
[a display should] enable researchers to see the physics.”12! To make this
point, Lynch attempted to show that the aesthetic judgments are not so dis-
tinct from the scientific ones. Most of the expert astronomers insisted that
their actual scientific work involves working with raw, quantitative data, per-
haps depicted graphically but even then, using a more “boring” gray-scale
rather than fancy colors. However, Lynch probed the experts about what it
was that made some of their color graphic products especially pleasing:

E (expert): This is one that starts out red and then goes through
yellow and white. Here’s some radio data thats multicolor. | like
these maps that have sort of one color, they start out dim, then go
brighter, then go white. | think those are prettier than these that
have many different colors.

I (interviewer): Is it strictly a matter of liking one color?

E: The reasons are artistic rather than scientific.

I: Other people told me they like a more uniform thing because
it is not misleading.

E: Yes, there’s that too. You show this picture to someone and
you say “This is what it looks like.” Now, you can’t really see it; it
doesn’t really look like anything. But this does seem to be more
realistic.

I: Choice of color would have some relation if it were an
extension of the spectrum. ..
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E: Right. At one time | thought | wanted to make the
X-ray purple and the radio red because it gives you an idea that
this is a higher energy photon.12
The experts’ “aesthetic” judgments clearly play a role, but do not do so in any
arbitrary way—they are driven by their foundational scientific knowledge
and their goals.

An awareness of the need for new approaches to visualization has led to
a number of collaborative research and development projects. For instance,
IBM’s Lloyd A. Treinish (a space scientist by training) and Bernice E.
Rogowitz (a psychologist by training), have been developing new graphic
displays for the visualization of remotely sensed data (e.g., 154155.162,182,183)
Software systems that are currently in use offer a plethora of mapping choices
and tools, but provide little guidance in their application to specific tasks.
Depending on the architecture and interface of the system, the user must
either define the mapping(s) between data and pictures via the tools in such
systems, or operate within a fixed set of predefined mappings, which may
have little facility for customization or control. In both cases, the mappings
that are available are driven by the structure of the data, not the task or the
human’s goal for the visualization. Hence, the design of visualizations can be
time-consuming and often requires the assistance of computer graphics
experts, who are not domain scientists.

Some of the IBM research was aimed at coping with large volumes of
rapidly produced numerical weather forecasts as well as remotely sensed
data as an aid in the presentation of information to the layman via broadcast
media and the World Wide Web. To help address this problem, Treinish
applied work done with Rogowitz on the creation of a rule-based advisory
tool for the specification of appropriate color maps.18* Their rule-based sys-
tem assists the user by ensuring that data content is reflected in images and
that perceptual artifacts are not erroneously interpreted as data features. The
system also provides advice on representation depending on whether the
goal of visualization is exploration or presentation.

The approach to visualization hinges on three premises:

< Traditional graphical representations of data will not suffice.

= Data structures have to be mapped onto perceptual structures.

= Rule-based systems can help users make good decisions about the
visualization of data without requiring the user to become an expertin
human vision (i.e., depth perception, color theory, etc.) or computer
graphics (e.g., data structures, algorithms, etc.).

Instead of static or simple flip-book animations of two-dimensional
contour maps, novel three-dimensional visualization strategies have been
employed that preserve the fidelity of the original data as much as possible,
and yet allow the user to define coordinate systems onto which data may be
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registered in space and time. Techniques support the registration of multi-
ple data sets in geographic coordinates using cartographic warping of the
data locations. Treinish et al. have found that the use of appropriately
warped curvilinear grids can preserve the fidelity (e.g., missing data, origi-
nal grid resolution) of the data—the transformations are both topologically
and data-invariant. The selection of cartographic projections is dictated by
the requirements of the user in the design of an appropriate visualization,
as opposed to limitations of the system in use or the original characteristics
of the data.

Examples of their innovative graphic products appear in Figures 2.1, 2.2,
and 2.3. Figure 2.1 is a perspectival display illustrating the incorporation of
multiple data types. Surface wind speed is overlaid on a surface chart (using
a color palette of saturation shades of violet), and precipitation is indicated
by a pastel (desaturated) “rainbow” palette. Also shown is a perspectival
view of cloud structures based on radar data. Figure 2.2 is a perspectival
display demonstrating a warping transformation. In this case, the column
of ozone (the ozone “hole”) is directly perceptible as a deformed surface.
Figure 2.3 is another perspectival display illustrating how a single display
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Figure 2.1 A perspectival display illustrating the incorporation of multiple data
types. See color version of this figure in the color section following page 114. (From
Treinish, L. A. and Rothfusz, L., Proceedings of the Thirteenth International Conference
on Interactive Information and Processing Systems for Meteorology, Oceanography and
Hydrology, American Meteorological Society, Boston, 31-34, 1997. With permission.)
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Figure 2.2 A perspectival display demonstrating a warping transformation. See
color version of this figure in the color section following page 114. (From Treinish, L.
A. and Rothfusz, L., in Proceedings of the Thirteenth International Conference on
Interactive Information and Processing Systems for Meteorology, Oceanography and
Hydrology, American Meteorological Society, Boston, 31-34, 1997. With permission.)

Figure 2.3 A perspectival display illustrating the incorporation of multiple data
types. See color version of this figure in the color section following page 114. (Figure
courtesy of L. Treinish, IBM.)

[2001 by CRC Press LLC



can portray multiple data types. This image portrays horizontal winds
(using a color pallette of saturation shades of violet), relative humidity (using
saturation shades of brown), surface temperature overlaid on the base map
(using a two-tone palette of saturation shades of blue and green-blue), and air
pressure (indicated in a semitransparent vertical plane using saturation
shades of blue-violet and green). Also depicted are three-dimensional cloud
structures. For all of these graphic products, the use of perspective, depth
pseudoplanes, and animation permits the perceptual discrimination of the
multiple variables (other images can be viewed at http:.//www.research.
ibm.com/ people/1/lloydt/ and http:.//www.research.ibm.com/weather).

2.3.3 Research on concept formation

Recognizing that a specific pattern is an instance of a high-level feature is a
perceptual classification task. Perceptual classification involves a number of
important subtasks. The relevant set of perceptual features must be extracted
from the items. Part of this process involves actually learning which aspects
of the stimulus should be construed as features.1®8 This perceptual learning
may occur during the process of classifying items, or it may involve people’s
theories about the domain.1% Once the features have been extracted, it is nec-
essary to determine the combinations of properties that distinguish one cate-
gory from another.144

An important focus of current research in categorization is how the way
people interact with a set of items influences what is learned about
it 128.158,159,160,161,196 “Hymans are inherently comparing creatures, and
whether instructed or not we simply jump in and compare when interacting
with a novel set of materials.”2® Research has confirmed the intuition that
categories can be learned incidentally through exposure as well as through
an intentional process of analyzing features and relations (e.g., correlated
attributes), even though patterns of attention differ for incidental vs. deliber-
ate learning (for reviews, see 17.188) However, traditional psychological
research has focused on a directed classification task in which people see a
series of examples (of simple, and often artificial stimuli composed of
schematic faces, geometric patterns, etc.) and they are asked to classify them
(e.g., 16.58.156)

Tasks such as interpreting remote sensing images do not typically
involve this kind of trial and error learning. Instead, the high-level categories
of interest in an image interpretation setting are learned in the context of
identifying items in the images, using the images to solve other problems,
and communicating the results to others. The categories are learned as a
byproduct of this other kind of reasoning. This distinction is important,
because categories learned in laboratory tasks tend to involve the formation
of rules and the memorization of exceptions.1#* In contrast, categories formed
incidentally to performing a primary task are less rule-governed, and tend to
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emphasize those features that were important for solving the primary
task, 127.158,159,160,161,198,199

2.3.4 Research on expert/novice differences

On the basis of recent psychological research on expertise,31:5587.111 including
expert/novice differences in map interpretation and the use of cartographic
visualization tools,13% one would expect major differences between the per-
ceptual skills of the expert and the initiate image analyst. Such differences,
once specified, could have implications for instructional design, image or dis-
play design, workstation design, and the development of decision aids or
expert systems. Training issues are critical since it takes many years to
become an expert image analyst.

Kibbe and Stiff conducted a study of novice/trainee interpretation of
aerial photographs.1% Participants were shown aerial photographs overlaid
by line drawings that outlined some of the salient features in the pictures
(e.g., hill contours, roadways, etc.). Some of the line drawings were sparse,
some were more detailed. Some were properly aligned with the photo
that they superimposed and some were misaligned, and the participants’
task was speeded recognition of (mis)alignment. Line drawings that indi-
cated the longer features were responded to more rapidly (by about 1 s,
with 10% greater accuracy) than line drawings with short lines, but only
when the line drawings were properly aligned. In one condition, the partic-
ipants were initially exposed to the stimuli in a task in which they them-
selves attempted to produce outline drawings for each of the photographs.
This active engagement in the interpretation task had a positive effect in
their subsequent recognition reaction time performance for the properly
aligned drawings, even though the line drawings used in the task were not
their own.

Moray and Richards attempted to demonstrate the expert/novice differ-
ence in a study of memory for radar-like displays.13> A group of college-age
students, a group of Royal Air Force (RAF) fighter controllers (with some
experience with radar), and a group of RAF aerospace systems engineers
(with more radar experience) were presented with a series of simple radar-
like displays, basically showing a circle with one or more “targets” indicated
by a small letter “X”” somewhere within the circle. After seeing each stimulus
for about 10 s (about equal to 1 radar sweep), they had to try and reproduce
the targets by redrawing the stimulus, either immediately or following a
delay (of up to 30 s). Both accuracy and confidence tended to decline as the
delay period was increased. However, there appeared no statistically signifi-
cant differences between the two expert groups in overall recall accuracy,
although there was a trend for the more highly experienced of the experts to
do slightly better at the task. The effect of expertise was more manifest for the
more highly experienced participants in one respect—for displays involving
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three (as opposed to one or two) targets, the participants reported that they
were able to remember the pattern, leading to better performance and
increased confidence. In general, ratings of confidence were not a very good
indicator of recall accuracy, a finding common in the literature on memory
and expertise.140

As the Kibbe and Stiffl% and Moray and Richards!3® studies suggest,
quite a lot of the modern research on expertise has involved domains in
which the interpretation of nonliteral imagery is a primary task. Hence, this
work pertains to the topic of perceptual learning.

2.3.5 Research on perceptual learning

By tradition in psychology, the processes of perception and learning are for
the most part treated separately (e.g., separate chapters in the standard text-
books). But learning is not just the accumulation or storage of propositional
facts and static knowledge structures. Across development, there is a change
in the way information is acquired. At first, attention is passively “captured”
by salient or easily isolated stimulus features. With experience and practice,
new distinctive features are discovered, permitting the active strategic search
for critical information.1575.76.98.137 One gains an ability to rapidly detect and
discriminate, and not just isolated features or cues. Rather, one learns to
attend to the invariant patterns or cue configurations that specify distinctive
properties, patterns which were not previously noticed or were discerned
only with difficulty.30.5457.70,143

Perceptual learning, operationally defined, is the increase in the ability
to discriminate and extract information as a result of practice and experi-
ence, as assessed in terms of an increased specificity of the responses to
stimuli.>70 Over the course of development, perceptual skills change,
permitting the rapid search, discrimination, recognition, and comprehen-
sion of complex informational patterns, provided that the responses
are mapped consistently to specific elements or patterns in the visual scene
(OI’ disp|ay)_26,36,62,78,142,148,150,172

As one acquires a perceptual skill involving the classification of complex
patterns, performance can come to reflect the underlying rules, yet the
human may be unable to articulate the relevant dimensions of difference, that
is, the knowledge becomes “tacit,”113.14.72,103,111,113-115,143,149-152,172,187,188 The
explanations people give for what they are doing may be justifications rather
than descriptions of the rules they are following. Furthermore, performance
at the classification of complex patterns can improve without the learner
developing a deep conceptual understanding of the significances in the pat-
terns.#8.63.146.167 Rich discriminations can be made without conscious analy-
sis, verbal labeling, or even awareness of isolated features. Indeed, at high
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levels of skill, complex stimuli can be perceived at a rate that precludes ver-
bal labeling, perhaps illustrated best in the research on the learning of Morse
code.”0*

A great deal of psychological research on perceptual learning has focused
on child development (e.g., depth perception, locomotion, and object
perception). However, in her classic book on perceptual learning and devel-
opment, Eleanor Gibson pointed to the role of perceptual learning in such
expert skills as sonar interpretation, X-ray interpretation, identifying aircraft
by their silhouettes, and infrared aerial photointerpretation.’® Skill automati-
zation has been observed in a number of studies of expertise.2:38:39.40.44,69,170
As one expert personnel manager observed, “When | was younger | used to
carefully consider all the aspects, get lots of opinions, and agonize over deci-
sions. But now, | can generally just recognize what to do.”*’! Indeed, the
automatization of skill is believed to characterize the shift from novice to
expert,46:71,101,102.110

For instance, Myles-Worsley et al. had expert radiologists and medical
students observe and then attempt to recognize a series of chest X-rays.137
Reaction time data showed that experts allocated their attention more effi-
ciently, focusing on abnormal features that distinguished the images.
Similarly, Norman et al. demonstrated the effect of perceptual learning in a
study of student, intern, and resident dermatologists, in which the partici-
pants were shown 100 slides for diagnosis.}*3 The researchers measured reac-
tion time and error rates in a subsequent recognition task. The reaction time
data showed that experts engaged in a rapid perceptual process that does not
rely on independent analyses of separate cues. In other words, reaction times
and errors were not predictable on the basis of the simple presence or absence
of isolated features that are typical of each diagnostic category.

Research has shown that experts in domains as diverse as architecture,
nursing, and electronic circuit design can indeed “see” and evaluate things

*Lewicki, Hill, and Bizot'® conducted an experiment in which participants were run in thou-
sands of trials, each trial consisting of a matrix of four numbers. One of the numbers was the
“target,” and its position would differ in the matrices across blocks of 7 trials. The task was
speeded reaction-time—the participants pressed a key to indicate the position of the target on
each trial. A complex rule was used to determine the sequence of target movements (e.g., if the
target appeared in quadrants 3, 2, 4, and 1 in trials 1, 3, 4, and 6, then it would appear in quad-
rant 1 on trial 7). Over several thousand trials, participants’ reaction times and error rates for
trial seven decreased significantly. Yet, participants were not able to verbalize the underlying
rule or even give it a coherent characterization. Interestingly, when taken out of the speeded
reaction time task and asked to predict the position of the target on trial 7, they performed no
better than chance. Such results obtained even when participants were offered a considerable
award ($100) if they could figure out the rule, and even when participants were college faculty
who knew that the experiment involved studying the nonconscious processes of perceptual
learning.
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that novices cannot.%111 When novice livestock judges confront the judgment
task they can miss seeing important features of livestock that experts readily
detect!’!; the eye movements of radiologists while they scan X-ray films are
quite different from those of novices—the experts can selectively search for
abnormalities; expert cardiologists directly comprehend cardiovascular bio-
mechanical events as perceived through a stethoscope.®® In many domains of
expert decision making, such as fire fighting, power plant operation, jurispru-
dence, and design engineering, experts often make decisions through rapid
recognition of causal factors and goals, rather than through any explicit
process of generating and evaluating solutions.101

In an example from remote sensing, experts at the identification of rocks
and landforms seem to directly recognize different types, even though they
were originally taught the diagnostic features explicitly. Hoffman studied
terrain analysts with the U.S. Army Corps of Engineers, experts at interpret-
ing aerial photographs for engineering purposes.8* The experts had behind
them decades of experience at analyzing aerial photographs to assess soils,
bedrock, vegetation patterns, drainage patterns, and the like. In one experi-
ment, experts were asked to think aloud about their perceptions as they
viewed aerial photographs:

Based on what | see in this photo, this is a semiarid climate. Over
here you see there’s a gently rolling, irregular plain. The gullies
down here are V- and U-shaped. Lots of lowlands ... rounded
contours. But over here are some escarpments. The gradients are
fairly uniform, so it’s homogeneous rock. About midway down
the slopes is a relatively thick tonal band, so there’s a thick bed
there, pretty thick, and at the base it’s flared and a bit scalloped.
This terrain is flat shale, with loess topsoil.?

Exactly how did the expert know that the climate is semiarid? Exactly how
did the expert know that the shale is flat? Which of the expert’s statements
were premises about perceived features, and which were conclusions? What
does it mean to say that a plain is “irregular”? Many things were being per-
ceived, but these were stated in terms of the higher-level concepts of terrain
analysis (e.g., “escarpment”), not in terms of specific perceptible cues. The
informational cues were certainly there in the photos, but they could only be
seen by the novice when they were pointed out and explained.

In another experiment, experts were presented a photograph for inspec-
tion, but were only allowed two minutes of viewing time—ordinarily the
full systematic terrain analysis process can take hours. After the viewing
period, the experts were allowed two minutes in which to report everything
that could be remembered about the photo. In one particular trial, an ex-
pert began his retrospection by asserting that any personnel sent to the
depicted area would need to be prepared for certain types of bacterial infec-
tion. The experimenter’s response was, “You can see bacteria in a pond
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taken from 40,000 feet?” Here was the reasoning sequence that the expert
recounted:

The photo covered an area of tropical climate. The vegetation was
mature and uniform, so the contours to the top of the tree canopy
could be taken as a reflection of the contour of the underlying soil,
and since the soil layer would be relatively thin, the contour to the
tree canopy reflected the underlying bedrock, which appeared to
be tilted interbedded limestone. The bedrock also determined the
pattern to the streams and ponds, and there appeared one pond
that did not have a major distributary running away from it.
Given the climate, the vegetation (tropical legumes) and the stag-
nant water, the presence of bacteria was a sure bet.%

This appears to be a long chain of inferences, dependent on a great deal
of conceptual knowledge. Yet, in the actual experimental trial, the expert’s
judgment was very rapid, the sort of judgment that one might be inclined to
call “direct” or “immediate”—more of a perceptual thing than a linear, con-
scious, and deliberative process.

2.4 A demonstration experiment: expert/novice
differences in the interpretation of
aerial thermograms*

To illustrate the human factor in remote sensing, consider the false-color aer-
ial thermogram shown in Figure 2.4. This image covers an area of about four
city blocks in a small town in the midwest U.S. The depiction is of mid- and
far-infrared radiometric data, displayed in terms of a “rainbow code” that is
standard in this application (cf. 138), i.e., the assessment of patterns of energy
conservation.? The colors depict temperatures falling in the range of —5 to
7°C, a range that includes most of the wintertime variation in temperatures
of surfaces (glass, brick, siding, heat vents, etc.), and other sources such as
trees, small bodies of water, forested areas, etc. The high extreme temperature
is coded as white (which did not fit into the 8 X 10-in. photo frame); temper-
atures at and below the low extreme are coded as black. Temperatures
between are assigned to colors (about 0.7°C per color) based on common

*Walter Carnahan (Indiana State University) provided the aerial thermograms used in this
study. The authors would like to thank Scott Lissner (Longwood College), Robin Akerstrom,
Andrea Bubka, Stan Grabon, Garry Zaslow (Adelphi University) for helping in the collection
and analysis of the data. Finally, thanks to Mark Detweiler (Pennsylvania State University) for
his comments on a draft version of this material.
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Figure 2.4 An aerial thermogram of a suburban area. See color version of this fig-
ure in the color section following page 114. (Indiana State University Thermography
Project. With permission.)

associations: “Cold” (blue hues), “Cool” (green hues), “Warm” (red and
orange hues), and “Warmer” (yellow hues).

While perhaps reasonable a priori, remote sensing scientists have learned
that such color codes can generate interpretation anomalies when applied to
actual data sets.2176 In the case of thermograms, flat water surfaces and metal
roofs can act as infrared mirrors, reflecting the sky temperature and appear-
ing anomalously cold (right-hand corner of Figure 2.4). As a second example,
a salient color boundary (green-blue adjacent to the red) straddles a critical
temperature—buildings with poor insulation get coded as red to yellow,
houses with good insulation get coded as green. By design, this makes it easy
for the expert to discriminate buildings in need of better insulation.
Experience with students, however, suggested that the naive viewer is
inclined to interpret the “green blobs” as trees. Coincidentally, trees are rela-
tively warm in winter thermography and appear as “yellow blobs,” which
initiates seem inclined to interpret as houses with poor insulation.

The motivation for the studies we describe stems from the pedagogical
strategy taken in most textbooks on remote sensing. The introductions of texts
and manuals (e.g., 317173174192) inyariably focus on technical information
about electromagnetism and sensors. Some include one or a few examples of
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multispectral imagery (e.g.,3"17%), but the reader’s attention is directed only at
the feature that is the focus of the application (land use, hydrology, geology;, etc.).
Rarely is an explanation given of how a classification was determined, or of how
a false-color scheme was established. There is no guidance to interpretation;
there is no encouragement to reason. We designed this study to include condi-
tions that would emulate these aspects of the textbook pedagogical strategy.

It is known that the format and focus of instructions can shape the learn-
er’s strategies in concept formation1”® and in the learning of both simple puz-
zle tasks and more complex tasks such as mathematical problem solving and
computer programming.109118.153 However, explicit introductory teaching
alone does not necessarily promote skill acquisition, whether in applied con-
texts such as electronics troubleshooting®® or in academic contexts such as
mathematics puzzle solving.132 In a study in which novices (college students)
were taught about the process of plastic extrusion,1%4 one group was first
taught about the general domain concepts (mixing, injecting, etc.) and the
multiple relations between the concepts, and was subsequently taught about
the lower-level details (e.g., the operation of the machine screw as a function
of injection pressure). Another group was taught in the opposite order
(lower-level details followed by general concepts). A test of what the students
had learned involved asking them to say whether domain concepts present-
ed pairwise were or were not related. The results showed that the group that
was first taught about the general level domain concepts performed better
than the group that was first taught at the detailed level. For the acquisition
of knowledge structures in complex domains, attention needs to be given to
instruction on both the hierarchical relations (general to particular) among
domain concepts, and the multiple relations between domain concepts.

Furthermore, there are important training issues involving the relation of
instruction and hands-on practice vs. tests of knowledge acquired through
the study of manuals. At an extreme called the “dissociation” effect, after
practice at a complex task (e.g., the operation of an industrial process via a
computer-driven graphical interface), people can sometimes provide a verbal
description of the task while their performance remains poor. Conversely, in
some conditions performance can be good and yet the person may be unable
to give an adequate verbal explanation of what it is that he or she is doing in
the task_6:21.79.129,167

What these findings from applied psychological research suggest for the
pedagogical strategy used in remote sensing is that instruction should not
proceed simply by diving into the gory details of electromagnetics. The
hypothesis which we examined was that even for a skill that is highly reliant
on perception and perceptual learning, initial verbal instructions can never-
theless make some positive difference. But this hypothesis must be qualified
by “cognitive load” considerations (see 181). In the learning of task proce-
dures (e.g., physics problem solving), instructions can be detrimental if they
require the learner to integrate multiple sources of information (e.g., dia-
grams, equations, worked examples, etc.) before the learner has developed
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an understanding of domain concepts, i.e., memory schemas that can be used
to lessen the burden on working memory.188 One goal of the present research
was to see if a similar finding might obtain for the interpretation of remote
sensing images—basic information about electromagnetism must be inte-
grated with the task of picture perception. We hypothesized that providing
elaborate a priori instructions that delve into details about thermograms
might not promote identification performance, and might actually suppress
the overall rate of responding in an identification task.

2.4.1 Experiment 1

The purposes of Experiment 1 were to assess expert performance at the inter-
pretation task and conduct a reference analysis of the materials. One of the
authors (R.R.H) served as the expert, having spent four years analyzing
scores of aerial thermograms, visible light aerial photographs, and radar
images, and hundreds of visible and infrared meteorological satellite images.
He had received his training in image interpretation at the U.S. Army Corps
of Engineers and the U.S. Air Force Geophysics Laboratory.

On each of nine trials, the expert was presented a thermogram and gen-
erated identifications for a period of five minutes. A sheet of celluloid was
laid over each thermogram, and using a felt-tip pen the expert outlined the
identified features and objects while providing a verbal description which
was recorded on audiotape.

For four stimuli depicting rural regions, the expert identified an average
of 27 things and features. Within an average of about three minutes the expert
asserted that he had identified all of the interpretable features. For the five
stimuli that depicted suburban regions, an average of 107 things were identi-
fied, but there were yet more things that could have been identified when three
of the trials ended.

In most cases, confirmation of the expert’s identifications (e.g., identify-
ing a form as a house with poor insulation, identifying a road, a stream, etc.)
was totally unnecessary. A few identifications had to be confirmed either by
reference to training manuals or to ground truth. The few remaining uncer-
tain identifications, all apparent thermal anomalies, were explained in light
of on-going research (e.g., 28).

According to the expert’s identifications, over 60 qualitatively different
things could be identified in the thermograms. The reference menu appears
in Table 2.1.

2.4.2 Experiment 2

2.4.2.1 Design and procedure
The main purpose of Experiment 2 was to investigate performance at the exact
opposite end of the skill continuum relative to the expert. The participants
were 48 Adelphi University undergraduates. In a post-experimental ques-
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Table 2.1 Categorization for Correct Responses in the Identification Task.

Transportation

Dirt trailpath, tractor path?®, sidewalk, dirt road, two-lane street?, four-lane street?,
boulevard (divided), expressway, expressway ramp, expressway overpass, bridge,
automobile, truck, railroad car, railroad track?, parking lot*

Topography

Tree?, shrub, forest, hedge rows?, grass field*®, park, hill, hillock’, puddle®, pond,
stream, river, sand or silt river or pond bank, tilled farm field®, till rows®, fallow
farm field®, irrigation gully®> crop row®, drainage catch basins

Residential buildings

House?, attached garage?, unattached garage?, porch?, patio, trailer home?, trailer park

Commercial buildings

Small industry?, large industry, small commercial*, large commercial, piping, water
tank*

Roof and building structure

Partially insulated roof*, poorly insulated roof4, uninsulated roof4, standing water
on roofs?, superstructure, composite materials?, metal roof4, eave, flue4, vent,
chimney?, water damage

Thermal shine sources

Wwindows?, doors, building height asymmetries®, walls*, roof pitch, reflecting
surfaces?, solar-load (from sidewalks, patios, etc.)

Heat phenomena

Heat shadows (e.g., from cars that had been parked during the day), compass
heading (asymmetrically heated hill or hillock slopes)®, wind direction, furnaces,
heat plants, auto or truck engines, pipes?, heat leaks, remnant heat (e.g., from car
engines pausing at road intersections)*

Superscripts denote the figures (either 2.4 or 2.5) in which a feature can be seen.

tionnaire, only a few indicated a passing familiarity with satellite images,
(i.e., from TV weather forecasts), and perhaps a vague memory of having seen
one or two satellite images, typically in a high school or junior high school
course in general earth science.

Aerial thermograms covering suburban areas (see Figure 2.4) manifest
the regularities one might expect of aerial views of streets and houses. On the
other hand, rural areas have asymmetrical ponds, forests, and farms, and
meandering streams and paths. An example appears in Figure 2.5. As a con-
sequence of physical variations (terrain texture and slope, plowing, soil
moisture, etc.) and their effects on thermal emissivity, even rectangular farm

2001 by CRC Press LLC



Figure 2.5 An aerial thermogram of a rural area. See color version of this figure in
the color section following page 114. (Indiana State University Thermography
Project. With permission.)

fields can present an asymmetrical panoply of colors and forms. We hypoth-
esized that the uninformed viewer would be more likely to perceive the rural
stimuli as abstract art rather than as aerial views.

The experiment also probed for an effect of instructions. There were four
instructional conditions. In Instructional Condition 0, participants were told
only that they “would be shown some pictures.” In Condition 1, participants
were informed that they would be shown aerial perspective pictures. In
Condition 2, participants were told the pictures were aerial perspectives and
they were also given a brief (350 word) explanation of thermography (i.e.,
that it is the detection of wavelengths outside the visible spectrum), with
emphasis on the fact that the pictures do not depict the world as it appears to
the human eye. The color coding scheme was not explained. In Condition 3,
participants were given a fuller (500 word) description of thermography,
including a discussion of the color coding scheme, and a discussion of the
ways heat can manifest itself in thermograms (e.g., reflection vs. transmission
of heat, thermal shine, heat leaking through poorly insulated roofs, heat com-
ing from chimneys, etc.).

We also probed for an effect of providing an example during instruction.
Easily understood “start-up” examples® can have a positive effect on sim-
ple and complex problem solving,22158.179.201 gnd on the acquisition of per-
ceptual discrimination skill.? Practice effects can be most noticeable for par-
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ticipants who are given an example during instruction, especially if the
example is prototypical of the test problems.1%® However, in much of the
available research on this topic, it is possible for the example to be the instruc-
tions (i.e., ’Here’s an example of the type of problem you will be seeing...”), forcing
participants to deduce the underlying scheme of the problem type (e.g., the
names of mammals ordered by size). The materials and task which we were
utilizing made it possible to provide examples but not explicitly engage the
participants in an analytical interpretation of them. This would permit a test
of the “start-up” hypothesis and would also simulate the pedagogical strate-
gy in textbooks on remote sensing.

The final independent variable we investigated was the role of feedback,
or more precisely, the way behavior might change during feedback. In the
feedback conditions, during the first two trials the participants were told
when a response was correct (e.g., ”’Yes, that is a warm pond,” or "Yes, that is a
street.”), and for each incorrect response the experimenter provided the cor-
rect identification (e.g., ”No, that’s not a butterfly, it’s an area of grassland,” or
”No the green blob isn’t a tree, it’s a house™). It is known that this type of correc-
tive feedback can have a positive effect on the acquisition of problem solving
skill.18 Corrective feedback also can have a positive effect on category learn-
ing, concept formation, and multicue judgment, for both artificial stimuli
(e.g., geometrical patterns) and for more realistic stimuli3®19 including light
amplification scenes.1# (Conversely, false or delayed corrective feedback can
disrupt the transition from chance-level exemplar discrimination to concept
discovery and performance well above chance; see 116.129))

Our expectation was that corrective feedback would lead to a perfor-
mance improvement apart from any effect of instruction level. Especially for
the suburban images, it should be easy after some feedback to generate
dozens of correct identifications merely by indicating, for example, ”This is a
house, this is another house, this is another house,” and so on. Furthermore, we
predicted that the effect of feedback would be modulated by stimulus type.
That is, feedback with suburban stimuli might lead to performance improve-
ment, but if stimulus type is then switched to rural, some of the gain from the
prior feedback might be lost.

Participants were run individually in a small quiet room. They were
shown a series of four images for five minutes per image. (The color photos
were mounted in protective folders that masked the color palette and digital
reference information.) During each trial, their task was to say everything
they could about what they thought they saw. Their statements were audio
recorded and the experimenter took notes about the image location of the
things the participants identified.

2.4.2.2 Data analysis method
In addition to a response in which the participant showed an awareness of
aerial perspective (e.g., ”This looks like the view from an airplane.”), the menu
from the expert (see Table 2.1) was used to define what would count as a
correct response.

2001 by CRC Press LLC



A response could also be incorrect in a variety of ways. Based on pilot
research, responses to be counted as incorrect could be unambiguously clas-
sified as: (1) mere repetition (correctly or incorrectly) of information that had
been given in the instructions (e.g., ”’The purple areas are colder.”), (2) default
responses (e.g., "All I see is a bunch of colors.”), (3) form responses (e.g., " This
white shape looks like a rabbit’s head,” ”This area looks like a blob of green algae.”),
(4) menu-coincident form responses (e.g., “This white area has the shape of a
tree.”), (5) incorrect identifications (This green blob looks like a tree.””), (6) incor-
rect thermal interpretations (e.g., "The yellow area is where there is no shade.”),
and (7) incorrect extra-menu responses. This last category was for features or
objects that could appear in aerial thermograms, but which happened to not
be present in the thermogram (e.g., ”This could be an airport—there’s a row of
lights,” or "This area is probably rocks.”).

We expected our participants would spend a considerable amount of
time just inspecting the stimuli, and produce perhaps 20 responses at most.
For Instructional Condition 0 and the rural stimuli, we expected more errors,
more form responses, and even a failure on the part of some participants
to realize that the stimuli were in aerial perspective. For Instructional
Condition 3, we expected more correct and incorrect thermal interpretations
than at the other instructional levels.

The sums for each participant on each trial of the number of correct and
incorrect responses were determined. Analyses of variance were computed
on total number of responses, number of correct responses, number of error
responses, and proportion of correct responses. To determine the propor-
tions, the number of correct responses was divided by the total number of
responses for each participant on each trial.*

2.4.2.3 Results

For Instruction Level 0 there were proportionately more error (form and
default) responses, and a trend for the number of errors to increase over trials.
Participants in Instructional Condition 0 made many more errors (frequency
range of 7-12) than participants in any of the other conditions, especially for
the rural stimuli. Form and default responses predominated (frequencies on
the order of 7-12 per participant) for all but one participant for whom
(correct) menu responses (frequency = 14) and (incorrect) extra-menu
responses (13) predominated. Participants in both Instructional Conditions
0 and 1 shown the rural stimuli made no thermal identifications—either cor-
rect or incorrect.

Given the newness of the task and materials to the participants, we
expected that the pattern for the total number of responses would largely

*Further details on the experiments and the statistical analyses can be provided upon request.
Although in this discussion we highlight a number of the trends in the results, we draw con-
clusions concerning only those trends that achieved statistical significance.
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reflect the total number of errors, which it did. Thus, we focused on the pro-
portion correct score. Only in Instructional Conditions 1, 2 and 3 did perfor-
mance for some participants reach or surpass a proportion correct of 0.50,
and even then most often for the suburban stimuli and in conditions in which
feedback was provided. In Instructional Condition 1, there appeared fewer
form responses than in Condition 0 (frequency range of 0-8 per participant),
more menu responses (range of 3-20), and more extra-menu responses (range
of 3-12). This trend continued across Instructional Conditions 2 and 3, where
a few participants yielded no form responses. Finally, in Instructional
Condition 3 there appeared a number of correct thermal identifications (typ-
ically just a few per participant but the obtained range was 0-20), and only a
few incorrect thermal identifications.

We speculated that presentation of a “raw” example during instruction
would have little overall effect on subsequent performance. This is a weak
hypothesis, but it can be turned on its head. It is known from research on
instructional design that the effectiveness of a start-up example can depend
on whether there is a match or mismatch of the example and the first test
problem.2%:118 We reasoned that if there could be any effect of an example it
should be revealed by a comparison of two particular conditions, one in
which the example type corresponded with the type of the test stimuli, and
one in which it did not. Furthermore, if the suburban stimuli are more inter-
pretable, the presentation of a suburban example during the presentation of
the instructions should facilitate performance on the subsequent test trials.
Conversely, the participants shown a rural example might be placed at a
disadvantage.

Comparing two conditions—suburban example vs. rural example pre-
sented during the instructions, with all of the test stimuli being suburban—
there was a general increase in proportion correct across instructional lev-
els but only for the participants shown the suburban example, with perfor-
mance uniformly surpassing proportion correct of 0.5 at Instruction Level 3.
This is illustrated in Figure 2.6. Although an example might invite an inter-
pretive process, it can also perplex it or leave it unaffected, depending on
the example type and the instruction level. This is interesting because it is
usually assumed that a text or manual should provide representative exam-
ples early on.

Figure 2.6 also illustrates the finding that across the instructional
conditions, the proportion of correct responses tended to increase (and the
number of errors tended to decrease). The greatest contrast in proportion
correct, as well as in totals and errors, often resided in the comparison
between Instructional Conditions 0 and 1 vs. Conditions 2 and 3. The con-
clusion from this seems clear—being informed that the pictures were in aer-
ial perspective seemed to both constrain performance (fewer errors and
lower total number of responses) and guide it (more menu and extra-menu
identification responses). The present results show that at the earliest stages
of learning a skill that is perceptually laden, basic instruction involving
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Figure 2.6 Results showing average proportion of correct responses as a function of
example type, instruction level, and trials.

even a single critical concept can have a considerable and positive effect on
performance.

On the other hand, the results for Instructional Conditions 1, 2, and 3 also
suggest that initial instructional information can actually inhibit overall
responding. Higher levels of instruction combined with the less interpretable
stimuli (i.e., the rural images) seem to have inhibited overall performance,
whereas at lower instruction levels the less interpretable stimuli generated
the most errors. Although in Instructional Condition 3 there appeared more
thermal identifications, there was a clear decrease in total number of respons-
es and the numbers of (correct) menu identifications and (incorrect) extra-
menu identifications.

We had hypothesized that the more elaborate instructions could induce
a cognitive load, that is, overwhelm participants with “front-end” verbal
information. While this could explain the findings, the effect we obtained
could also be due to simple inhibition. That is, participants might have
been less inclined to speak up having been given elaborate instructions. This
interpretation is supported by the finding that across instructional conditions
there was a steady increase in the number of default responses—in which
the participants expressed frustration or said, ”l don’t see anything.” In
Instructional Condition 3, every participant made at least one such response.

Further research could attempt to isolate the cognitive load factor from
response inhibition. This would be important because it is never desirable for
initial instructional information to inhibit responding—that is precisely the
time when the instructor needs to know that the learner is thinking.
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Figure 2.7 Results showing average proportion of correct responses averaging
trials 1 and 2 and trials 3 and 4, as a function of stimulus order and instruction level.

The type of test stimulus did affect performance, with the stimulus dif-
ference defined here as one involving perceptual salience and interpretive
significance (suburban vs. rural). For some of the conditions we ran, the first
two test stimuli were rural and the second two were suburban, or vice versa.
While performance generally improved across instructional conditions, the
switching of stimulus type could be disruptive. Specifically, switching from
suburban to rural did not significantly change performance, but switching
from rural to suburban resulted in a consistent albeit modest improvement in
performance. Overlaid upon this is the performance improvement across
instruction levels. These results are shown in Figure 2.7.

Looking across the conditions we ran, knowing that the stimuli are in
aerial perspective (Instructional Conditions 1, 2, and 3) seems to have helped,
but for the rural stimuli—hypothetically less interpretable—performance
showed little or no improvement across instruction levels (when no feedback
was provided). Although some participants in Instructional Conditions 2 and
3 made some correct thermal identifications, participants at Instructional
Levels 0 and 1 shown the rural stimuli made no thermal identifications—
either correct or incorrect. In Instructional Conditions 1, 2, and 3, all of which
mentioned that the pictures were in aerial perspective, the preponderance
of erroneous form responses seen at Instructional Level 0 gave way to a pre-
ponderance of menu responses (both correct menu responses and incorrect
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Figure 2.8 Results showing average proportion correct as a function of stimulus
order, instruction level, and trials, for the conditions in which participants received
feedback.

extra-menu responses). Knowing that the stimuli depict aerial perspective
helped, but even with that knowledge, performance in terms of proportion
correct did not consistently improve across instruction levels. In other words,
when participants were confronted with the actual interpretation task, some
stimuli were easier to interpret incorrectly.

Our expectation was that corrective feedback would lead to a perfor-
mance improvement apart from the effect of instruction level, and also result
in a clear effect of trials. Statistical testing confirmed these expectations (see
footnote on page 31). Results for the feedback conditions are presented in
Figure 2.8. Apparent in Figure 2.8 is the improvement in performance com-
paring instruction levels, and also the general improvement across trials
within each of the instructional conditions.* While feedback had the effect of

*Notice also the “breakpoints” in Instructional Conditions 0, 2 and 3 between trials 2 and 3 in
the rural-to-suburban stimulus order conditions, reflecting the effect of switching from rural-
to-suburban stimuli. The effect of the switching of stimulus type seems to have been occasional
and modest compared to the effects of trials and instruction level in the conditions in which
feedback was provided.
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increasing the total number of responses (means of 14.32 vs. 7.31), it also
increased the number of errors (participant means of 9.41 vs. 4.98). In the
conditions in which no feedback was provided, the number of errors
decreased only slightly from Instruction Levels 0 to 1, whereas in the feed-
back conditions, number of errors more clearly decreased across instruction
levels.

2.4.3 Implications for education in remote sensing

The study reported here was designed to merely demonstrate the viability of
psychological research into the human factors of remote sensing image inter-
pretation. The findings are entirely preliminary, and are based on only a sam-
pling of the important variables. In addition, our small sample size in terms
of the number of participants in our experimental conditions allowed indi-
vidual differences to percolate through and cloud the interpretation of some
of the statistical interactions we obtained. Nevertheless, the results dovetail
with other research on the effects of examples, instructions, and feedback
(e.q., 29'118).

For example, the results suggest that illustrative introductory examples
should be used in texts in a particular way:

= Introductory exercises should be engaged before the student is bur-
dened with the details of electromagnetism, sensor systems, optics,
thermodynamics, etc. The examples should follow only a very brief
explanation of the electromagnetic spectrum.

= The introductory examples should be in sufficient number to illustrate
the diversity and variety of remote sensing imagery. Some research on
learning has shown that variability as well as prototypicality of prac-
tice items can enhance transfer (e.g., 1112). The presentation of a range
of examples—covering the critical attributes, salient feature contrasts,
degrees of difficulty, etc.—is especially conducive of initial concept
Iearning.&gvllﬁ'”g

= Every example should be accompanied by specific, step-wise guid-
ance allowing the student to conduct an interpretation and engage his
or her perceptual and reasoning processes.

= That interpretation task should not be the mere “pointing out” of
some particular salient feature (e.g., ”In this aerial photograph you can
see the fracture line indicating faulted bedrock.”). Rather, the task should
be more engaging (e.g., ”Can you explain the hot swath across the play-
ing field?”).

= Some introductory exercises should be conducted with an instructor
who would provide immediate, explanatory, elaborative feedback.
Those exercises should be conducted so as to encourage and facilitate
the initiate’s verbalization of his or her reasoning, without fear of error
or criticism.
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A number of modern theories of perceptual learning and categorization
emphasize the importance of concept coherence and the perception of fami-
ly resemblances or prototypes (e.g., 136157). An important question that stems
from such theories is: what is the nature of the information presented by
remote sensing images?829 In the suburban thermograms there seems to be
sufficient information to support the perception of aerial perspective and the
identification of certain features (e.g., streets, houses, trees, etc.). Not all of
the responses in Instructional Condition 0 were form responses—some
responses showed that the participants were able to discover the aerial per-
spective on their own. But expert performance shows that there is also infor-
mation sufficient to indicate such things as compass orientation, effects of
solar heating, the internal structure of roofs, underground steam pipes, and
so on. The instructions for Level 3 involved elaborating the notion of ther-
mography, and so we expected that at Level 3 we would obtain more thermal
identification responses than we did. The paucity of incorrect thermal identi-
fications suggests that once the color coding is explained, some of the mean-
ing in the thermograms become discernable—the color coding scheme is
somewhat effective in informing about thermal properties.

2.5 Conclusions and prospects

We submit that there are two important take-home messages from this explo-
ration of the psychological “angle of regard” on remote sensing.

1. A number of psychological processes are, and will remain, critical to
the enterprise of remote sensing. Foremost among these are:
= the acquisition of a rich and highly organized knowledge base that
supports the formation of mental models, and
= the acquisition of perceptual skills.

The achievement of expertise relies on fundamental cognitive processes
such as concept formation, but it also relies upon judgmental processes,
hypothetical reasoning, aesthetic analysis, feedback, and so on. The last two
decades have witnessed a significant migration of psychological research
away from the traditional artificial laboratory into applied domains (see 90:97)
including the study of expertise (see 31°588) and we look forward to much
more research on the psychological foundations of remote sensing.

2. Psychological research in collaboration with remote sensing scientists
can lead to new advances and approaches.

These would include new approaches to instructional design and
training, in order to accelerate the progression from trainee to expert,
and new methods of visualization and display design—new *“cogni-
tive technologies”— to support and amplify the performance of the
remote sensing scientist. For all forms of nonliteral imagery, we are
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hopeful that further specification of the information that is available,
through psychological research, would permit the design of displays
and instructional and feedback conditions that would facilitate the per-
ceptual learning and interpretation processes and also contribute to
efforts at automation.
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