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ABSTRACf

This investigation examined the ability of a bottlenosed dolphin (Tursiops

truncatus) to recognize aspect-dependent geometric solids using echolocation. Aspect

dependent objects generate different echoes depending on their orientation. Previous

studies suggested that dolphins cannot automatically infer object structure from

observations of only one orientation of the object, which suggests that dolphins might

recognize objects based on the acoustic structure of their echoes rather than the spatial

structure of the objects. Such representations are inconsistent, however, with object

constancy, because each aspect generates a different echo structure. In contrast, the

formation of an aspect-independent cognitive representation implies the ability to

recognize an object from multiple viewpoints.

The present data support the hypothesis that dolphins form aspect-independent

representations. The dolphin recognized the targets even though orientation was free to

vary. Variability in the time separations between intra-echo amplitude peaks (inter

highlight intervals) provided evidence that target orientation varied within and between

trials. Although no significant differences in the center frequency and RMS bandwidth

were observed among the target echoes, differences in the distributions of inter-highlight

intervals may have acted as a cue for discrimination. The dolphin's performance was

compared with the performance of an Integrator Gateway Network (IGN) neural network

and a Linear Discriminant Analysis (LOA). The IGN correctly classified all three targets

using the echo spectra, and the LOA correctly classified all three targets using only a

combination of amplitude, center frequency and RMS bandwidth of echo spectra. Thus,

the dolphin could have used information contained in the echo spectra as the basis of his

ability to recognize the geometric targets.
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The dolphin could not rely on any single acoustic dimension as the basis of his

ability to identify the targets because the acoustic properties of the echoes varied as target

orientation changed. The ability to match sample and comparison stimuli that may not

have been at identical orientations suggests that the dolphin formed object-centered

representations of the stimuli. The results suggest that dolphins can form stable

representations of objects regardless of orientation, and suggests that dolphins can use

varying sensory properties to recognize constant objects.
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CHAPTER 1. INTRODUCTION

Dolphins gather information about objects in their underwater environment by

active echolocation. Individuals emit sounds, which reflect off any object that lies in

their path. The dolphin can detect and identify these objects based on the information

contained in the returning echoes. Just as most objects in our world can appear quite

different depending on the angle from which they are viewed, targets may return very

different echoes to a dolphin depending on the aspect of the target relative to the dolphin.

The term II aspect" used here refers to the appearance of an object as a function of its

orientation to the observer.

An aspect-independent form is one that has the same appearance when viewed

from many angles. A sphere is a good example of a three-dimensional (3-D) shape that

is aspect-independent because it appears identical regardless of the direction from which

it is viewed. In contrast, an aspect-dependent form is one that changes appearance when

viewed from different angles, e.g., a telephone. In their natural environment, dolphins

have the opportunity to echolocate on targets from a wide variety of angles. Inspecting a

target from multiple angles may be essential to forming an aspect-independent object

centered representation of the target. Formation of an aspect-independent object

centered representation implies knowledge of the 3-D structure of the object. In contrast,

an aspect-dependent representation implies that the representation contains information

only about the "appearance" of the object from a specified angle. Aspect-independent

object-centered representations permit objects to be recognized from multiple viewpoints,

which would be adaptive for a dolphin, which is likely to encounter important forms,

such as food fish or predators, from a variety of aspects.
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Most of what is known about cetacean echolocation capabilities has been gleaned

from studies using Atlantic bottlenosed dolphins, Tursiops truncatus, as subjects. Unless

the context clearly indicates otherwise, I will use the term "dolphin" and Tursiops to refer

to Tursiops truncatus. It may be possible to generalize across species, but no strong

claim is intended by the terminology used.

Dolphin Echolocation

Natural History

Echolocation is a specialization of the auditory modality that enables dolphins to

actively interrogate the environment. Odontocete echolocation appears to have evolved

in response to the need to gather information in a light-poor environment. Fossil

evidence suggests that the ancestors of cetaceans were land animals that took to the water

in the Eocene, approximately 600 million years BP (Gaskin, 1982; Gingerich, Wells,

Russell & Ibrahim Shah, 1983). The oldest fossils have been recovered from regions that

would have been in the shallow Tethys Sea, now roughly corresponding to the Persian

Gulf (Gaskin, 1982). The marshy habitats in which the early cetaceans probably evolved,

and in which many species of cetaceans continue to thrive (e.g., Wells, Irvine & Scott,

1980), were characterized by poor visibility due to turbidity or dense suspended matter.

Some odontocete species, such as sperm whales Physeter macrocephalus live in aphotic

habitats, diving to depths where light levels are minimal (e.g., Watkins, 1980). Some

dolphin species are nocturnal, such as spinner dolphins Stenella longirostris (Norris &

Dohl, 1980), another aphotic niche for which echolocation abilities are adaptive.

Echolocation serves several functions for dolphins in the wild (e.g., Norris, 1969;

Watkins, 1980; Wood & Evans, 1980). Echolocation may be used for navigation in

habitats characterized by poor visibility. In order to avoid obstacles and choose a path,

an echolocating dolphin must detect and determine the location of targets in the water.
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For example, Amazon River dolphins (Inia geoffrensis) live in a habitat that is filled with

submerged tree roots, fallen trees, and other debris with which a dolphin could become

fatally entangled. These obstacles must be avoided and, in the near absence ofvisual

information, the ability to locate and navigate around such obstacles using echolocation

is clearly of great value. Echolocation may also be used for discrimination among

objects, such as the ability to discriminate between a predator and a conspecific, or to

recognize potential prey items. Finally, echolocation is probably used during foraging to

guide chasing and capture of prey items. Final prey capture may be visually guided (e.g.,

Mobley & Helweg, 1990), but is likely supplemented by information gathered using

echolocation.

Mechanisms

Echolocation abilities are probably ubiquitous in the Odontoceti, or toothed

whales, an assertion based on the commonalities of functional head anatomy across all of

the families of toothed whales (Norris & Harvey, 1974; Norris, 1975; Purves & Pilleir,

1983; Morris, 1986). Odontocete skulls are asymmetric (e.g., Purves & Pilleri, 1983), a

structural adaptation to the elaborate nasal sac system that is implicated in the production

of echolocation sounds (e.g., Norris, 1975; Amundin & Cranford, 1990). All odontocetes

possess two specialized structures that appear to be involved in the production and

reception of echolocation sounds. The melon (or, in the case of the Physeterids, the

spermaceti organ) lies on top of the upper jaw forward of the blowholes and appears as

the rounded "forehead" of the dolphin. The pan bone is located along the caudal lower

jaw (Norris, 1975), a paper-thin section of bone covering a pocket filled with lipids that

are very similar in chemical structure to the melon lipids.

The chemical composition of the melon and pan bone lipids is distinctly different

from other body fats (Varanasi, Feldman & Matins, 1975; c.f, Purves & Pilleri, 1983),
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and in fact must be synthesized in the melon and mandibular fat body(Morris, 1986).

The adaptive importance of the lipid composition of these bodies lies in the acoustic

properties of lipids. Lipids carry sound extremely well, having acoustic impedances that

are nearly identical to seawater. Thus, very little sound energy should be lost in

conduction through the melon or mandibular fat body.

The structure ofcetacean echolocation signals

Cetacean echolocation signals are extremely short duration, high-intensity

broadband clicks (Au, Floyd, Penner & Murchison, 1974; Au, Floyd & Haun, 1978; Au,

1980; Au, Penner & Turl, 1987; Thomas, Stoermer, Bowers, Anderson & Garver, 1988;

Kamminga, 1988; Mohl, Surlykke & Miller, 1990; Brill, Pawloski, Helweg, Au &

Moore, 1992; c.f. Wiersma, 1988). A typical echolocation click produced by the

Tursiops subject used in this study is shown in Figure 5.1. The basic waveform of

echolocation clicks resembles a damped sinusoid and is relatively consistent across

species. Likewise, the frequency structure of clicks tends to be broadband, although

variations in the peak frequency and bandwidth exist between different families of

odontocetes (Busnel & Fish, 1980; Nachtigall & Moore, 1988; Thomas & Kastelein,

1990). The average duration of Tursiops clicks range from about 20 to 65 usee, with

peak frequencies that range from 40 to 130 kHz (e.g., Au, 1980). Echolocation clicks are

also loud, with source levels often exceeding 220 dB (re: 1l-tPa at 1 m) reported for

Tursiops (Au, 1980), beluga Delphinapterus leucas (Au, Carder, Penner & Scronce,

1985), false killer whales Pseudorca crassidens (Thomas et al., 1988)and narwhal

Monodon monoceros (Mohl et al., 1990).

Site ofclickproduction

Recent histological evidence suggests that clicks are produced along the air

pathway in the vicinity of the nasal plugs and emerge from the melon (Amundin, Kallin

& Kallin, 1988; Cranford, 1988; Amundin & Cranford, 1990; Cranford, 1992). In
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contrast, Purves and Pilleri (1983) and Pilleri (1990) believe that clicks are produced in

the larynx and are transmitted into the water by the rostrum. However, the specialized

anatomy of the melon (e.g., Varanasi et aI., 1975), and evidence from behavioral studies

(Ridgwayet aI., 1980; Ridgway, 1988) do not support Pilleri's theory.

Cranford (1988; 1992) has proposed that clicks are generated by two pairs of

muscular bands that lie across the air pathway approximately 5 em below the blowhole.

This structure was originally termed "monkey lips" or museau de singe due to their

appearance in sperm whales. A second pair of structures, the anterior and posterior

bursae, or "rabbit ears," are a pair of fatty structures that lie within the monkey lips and

are also implicated in Cranford's (1988) model of click production.

According to Cranford, an echolocating dolphin forces air through the taut

monkey lips, causing the lips to vibrate Gust as a trumpet player blows through pursed

lips to generate sound). As the monkey lips vibrate, the rabbit ears also vibrate because

the rabbit ears lie within the monkey lips. The anterior lobe of the rabbit ears is relatively

rigid and in close proximity to the caudal extent of the melon, while the other is free to

move. As the posterior lobe of the rabbit ears vibrates, it strikes against the anterior lobe,

thereby generating the click impulse, which is transmitted into the melon. The melon

appears to act as an acoustic lens, focussing the outgoing click (e.g., and may act as a

lens that focuses outgoing echolocation sounds (e.g., Norris & Harvey, 1974; Varanasi et

aI., 1975). Clicks emerge from the front of the melon in a highly directional conical

beam with a spread of about 10° in the vertical and horizontal planes (Au et aI., 1978; Au,

1980). Air is not released during click production, but instead is recycled within a

system of air sacs along the air pathway (Dormer, 1979; Ridgway & Carter, 1988).

Separate mechanisms are involved in the production of social whistles and

echolocation clicks. Evidence for this assertion comes from observations that clicks and

whistles can be produced simultaneously, and from the differential effect of helium on
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click and whistle spectra (Amundin, 1991). Clicks appear to be produced as mechanical

vibrations, as described above. In contrast, dolphin whistles appear to be vibrations of air

(like human vocal sounds), utilizing the resonance characteristics of the air-filled nasal

sacs, which are affected by the air pressure within the sacs.

Site ofechoreception

The pan bone and mandibular fat body in the lower jaw is believed to be the main

pathway for echoreception (Norris & Harvey, 1974; Norris, 1975; BriIl, 1988; Brill,

Sevenich, Sullivan, Sustman & Witt, 1988; Brill & Harder, 1991; c.f. Purves & Pilleri,

1983; Pilleri, 1990). Norris (1975) speculated that the mandibular fat body, encased in

the pan bone, acts as an acoustic window that channels echoes from the water to the

dolphin's auditory bulla. In order to test the hypothesis that the lower jaw is part of the

primary acoustic channel for echoreception, Brill (1988; BriIl et aI., 1988; Brill &

Harder, 1991) trained a dolphin to discriminate between an aluminum cylinder and a

sand-filled ring. He then covered the lower jaw -- thus the putative sound channel .- with

one of two foam hoods. A closed cell neoprene hood was used to block echolocation

signals because the closed cell neoprene attenuated echoes by 39 dB (approximately a

four-thousandfold reduction of the original sound level). An open ceIl neoprene hood,

which only minimally attenuated signals, was used as a control. Discrimination

performance was well above chance in the control conditions with the sound-transmitting

hood, but fell to chance in the experimental condition when the subject was wearing the

attenuating hood. Echolocation object recognition was eliminated when the jaw was

insulated from the water, but not when other sites (e.g., the external auditory meatus, the

homolog of the human ear canal) were covered with nontransmitting neoprene. These

results strongly support the role of the pan bone in conducting echolocation signals into

the auditory system.
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PeripheralAuditoryProcessing

The structures of the auditory periphery (encased in the auditory bullae) are also

adapted for marine life (reviewed in Popper, 198030 1980b, see also Purves & Pilleri,

1983; Ketten & Wartzok, 1990). The auditory system is protected from the pressures

encountered during dives by the extremely dense temporal bone. The bullae are

separated from one another by a system ofspongy bone in the dolphin skull which

strongly reduces bone conduction of sound, thereby acoustically isolating the two ears

(viz, bullae). This morphology maximizes the difference in the time of arrival of a sound

at the two ears, which optimizes the potential for binaural cues that can be used by the

dolphin to localize objects.

Sounds are transduced into neural activity within the fluid-filled cochlea, a spiral

shaped structure composed of very dense, glassy bone encased within the auditory bullae

(see, for example, Popper, 1980b). The cochlea is divided in half longitudinally by the

basilar membrane. The Organ of Corti lies below the basilar membrane. Hair cells

embedded in the Organ of Corti are neural elements that are specialized to transduce

mechanical sound energy into neural activity (Green, 1976). Each hair cell is constructed

of a hair-like structure that is in contact with the floor of the basilar membrane, and a

neuron-like cell body. Sound waves enter the cochlea and create a wave along the basilar

membrane, which causes the hair cells to bend. As the hair cell bends, the cell body

becomes increasingly depolarized. Once the depolarization reaches threshold, an action

potential is generated; thus, the motion of the basilar membrane generated by a sound

wave results in neural activity. The neural firing rate of each hair cell is proportional to

the degree to which the cell is bent, thus sound amplitude is encoded as the firing rate.

The shape and stiffness of the basilar membrane are fundamental to the

perception of different frequencies (Green, 1976; Ketten & Wartzok, 1990). The basilar

membrane is narrow and relatively stiff at one end, becoming wider and more flexible

along the length of the membrane. As a result, the membrane resonates to different
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frequencies at different locations along the membrane. When a sound enters the cochlea,

the whole basilar membrane is set into motion from the sound wave. However, a wave of

differential amplitude is established on the basilar membrane, and the location of the

peak of the standing wave corresponds to the peak frequency of the sound. Thus, sound

frequency is represented differentially by locations on the basilar membrane (Helmholz,

in Green, 1976).

Underwater audiograms have been collected in several species of cetaceans

(Johnson, 1967; Andersen, 1970; Hall & Johnson, 1971; Jacobs & Hall, 1972; White,

Norris, Ljungblad, Barton & diSciara, 1978, Ljungblad, Scoggins, & Gilmartin, 1982;

Thomas, Chun, Au & Pugh, 1988; Thomas, Pawloski & Au, 1990). The hearing span for

most species studied ranged from 6 to 7 octaves, with peak sensitivities occurring well

above human hearing range. The peak in hearing sensitivity occurs at the same

frequencies of echolocation clicks, indicating that the hearing system (echoreception) and

echoproduction are tuned to one another.

Audiograms may be interpreted as the result of the composite activityof a

number ofcontiguous filters with narrower tuning or bandwidth (Green, 1976; see also

Roitblat, Moore, Helweg & Nachtigall, 1993). The presence of a bank of auditory filters

of finite bandwidth has been inferred from observations that the detection of a signal at

some frequency can be blocked by the presence of a band of noise, called the critical

band. The critical band is the bandwidth of the auditory filter at a given frequency. The

existence of critical bands is inferred from the results of masking experiments (Johnson,

1968; Moore & Au, 1983; Au & Moore, 1990), which assume that if an auditory filter

has finite bandwidth, then a band of noise that covers the same range as the filter

bandwidth should reduce or inhibit (mask) the ability to detect a signal within that

bandwidth. If the noise bandwidth is less than the filter width, then detectionshould

improve, and, coversely, increasing the noise bandwidth beyond the critical band should
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not affect the threshold for detection of the signal because the noise is theoretically being

introduced into regions beyondthe finite bandwidth of the auditory filter at that

frequency.

Filters are compared using the parameter Q, which is the ratio of the center

frequency of a signal divided by the bandwidth. Filter Q can be thought of as the

"sharpness" of the filter and the frequency resolution of a system increases as the Q of its

filter increases. A filter with Q values near or below unity are wide, permitting a wide

range of frequencies around the center frequency to enter the signal. Conversely, a high

Q filter is narrow, attenuating all frequencies but those directly around the center

frequency of a signal.

In Tursiops, critical bandwidth increased as frequency increased (Moore & Au,

1983; Au & Moore, 1990), thus the dolphin's auditory filter can be approximated by a

bank of constant-Q filters. The width of the auditory filters can be used to make coarse

inferences about the perceptualsensitivity of the dolphin to sounds of different

frequencies. If the dolphin peripheral auditory system is modelled as a bank of constant

Q filters, then a dolphin should require larger differences in frequency to discriminate

among targets as the center frequency of target echoes increases. Thompson and Herman

(1975) reported that the frequency limens increased as frequency was increased in

Tursiops, which supports a constant-Q model of acoustic processing in the dolphin

auditory periphery.

Echolocation Behavior

Echolocation behavior can be summarized as follows: a dolphin emits a click,

then listens for echoes generated by reflecting surfaces in the path of the outgoing dick.

Echo amplitude is proportional to the size of the reflecting surface, and increases as the

acoustic impedance (resistance to sound energy) of the reflecting structure differs from
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seawater. For example, the acoustic impedance of air is much higher than that of

seawater, thus air-filled structures (such as the swim bladder of a fish, or the lungs of a

dolphin) produce strong echoes. In contrast, the acoustic impedance of vertebrate soft

tissue is about equal to that of seawater, and most of the sound energy in a click travels

into rather than being reflected by the body. Thus the bodies of fish and dolphins

produce only weak echoes.

Clicks are very brief (approximately 50 usee), making them well suited for range

resolution. The distance to the target (range) is proportional to two-way travel time, the

time between the emission of a click and the reception of an echo. Single echoes do not

contain information that allows determination ofvelocity, which presumably is important

for activities such as prey capture, predator avoidance, and social interaction. Velocity

must be determined from changes in relative position of the target across a series a

echoes (Norris, 1969).

Dolphins appear to adapt their echolocation behavior to the environment. For

example, adaptive changes were observed in the clicks produced by beluga and Tursiops

when moved from the quiet waters of San Diego to noisy Hawaiian waters (Au, 1980; Au

et aI., 1985). These changes included increase in amplitude and upward shift of the peak

frequency of clicks, both of which serve to make echoes more detectable against the

background noise.

Dolphin's have voluntary control over click production, as first demonstrated by

Schusterman and Kersting (1980). Tursiops appear to produce single clicks and then

wait for the return of an echo or until some time interval has elapsed. The duration of

interclick intervals is composed of the two-way travel time plus an additional component,

and is thus ordinarily a function of target range (Au, Penner & Kadane, 1982; Penner,

1988). Roitblat, Penner & Nachtigall (1990) observed the interclick interval was equal to

the two-way travel time plus to-15 msec, and attributed the additional 10-15 msec to
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signal processing by the dolphin before production of another click. Penner (1988)

showed that a dolphin emitted clicks with interclick intervals that were essentially

constant when the dolphin was familiar with the range at which a target would be

presented. In contrast, when target range was not predictable, interclick intervals varied

until the target was detected, at which time the dolphin entrained the rate of click

production to match target range. Thus, in some sense, the production of clicks was

guided by expectancies on the part of the dolphin as to the distance at which the target

would be located.

Moore and Patterson (1983) demonstrated that a dolphin had voluntary control

over click amplitude. The subject was trained to emit clicks that were either low- or

high-amplitude while performing a target detection task. The subject was able to control

the amplitude of his clicks with no degradation in detection performance. Moore and

Pawloski (1990) extended these findings to show that dolphins could control both click

amplitude and frequency with detection performance unaffected. The frequency

structure of clicks appeared to have changed as a function of click amplitude. As

amplitude increased over 197 dB, clicks were either broadband (flat) or were skewed,

with either low (30 to 60 kHz) or high (105 to 135 kHz) peak frequencies. Bimodal

frequency distributions were observed when click amplitudes exceeded 205 dB (Moore

& Pawloski, 1990). When the dolphin was trained to produce clicks with high peak

frequencies, shifting the peak frequency upward was always accompanied by an increase

in click amplitude. The dolphin was then asked to alter the frequency of its clicks

without increasing click amplitude, which proved to be a very difficult task. These

results suggest that Tursiops do not have fully independent control over the amplitude

and frequency content of their clicks, a constraint which may be imposed by the click

production mechanism.
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Detection ofTargets with Echolocation

Detection performance can be measured with a number of signal detection

paradigms, and does not require target identification. Detection requires only that the

dolphin be able to discriminate between a Signal + Noise condition (target present) and

Noise Only condition (target absent). The signal-to-noise ratio can be manipulated in a

number of ways (Au & Moore, 1988).

An optimal receiver in a detection task will act as an acoustical energy detector,

summing the energy in some critical band of frequencies over a unit time to determine if

a signal is present. The dolphin hearing system can be modelled as an energy detector

(Au, 1988a, 1988b; Au & Moore, 1988) with a temporal integration time of

approximately 265 JASec (Vel'min & Dubrovskiy, 1976; Au, Moore & Pawloski, 1988).

If dolphins are integrating sound energy in a window of 265 JASec, then the energy of one

echo (and thus its detectability) should be doubled by presenting two identical echoes

within 265 JASec. This hypothesis was tested by Au and Moore (1988), who measured the

ability of a dolphin to detect synthetic clicks in the presence of masking noise. They

measured the dolphin's detection ability when presented with a single echo. Detection

threshold did not change when two clicks were presented separated by more than 300

JASec. However, the threshold for detection of a click doublet fell by half when the two

clicks were presented within the integration time of the dolphin (separated by about 250

JASec). This supports the model that dolphin performance on target detection tasks can be

described by an optimal energy detector receiver with an integration time of 265 JASec.

Dolphins may adapt to increases in background noise by producing more clicks,

which may increase the probability of detecting a target by increasing the number of

samples. Au and Penner (1981) showed that a dolphin increased the number of clicks in

order to detect a target in the presence of noise, emitting more clicks when noise levels

were high. Alternatively, detection performance in the presence of noise may be

improved by increasing click amplitude (Au, 1980; Au, 1988b; Moore, 1988), because
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increasing click amplitude increases echo amplitude and improves the signal-to-noise

ratio. Dolphins cannot increase the signal-to-noise ratio with increased click amplitude

in contexts in which detection is limited by reverberation induced by other objects near to

a target (clutter), because increasing click amplitude results not only in increased echo

amplitude from the target but also increased amplitude of echoes from the clutter. In

reverberation, the signal-to-noise ratio (thus, detectability) is improved only when the

target strength is increased. For example, Au and Turl (1983) investigated the ability of a

dolphin to detect aluminum cylinders in the presence of reverberation, manipulating the

target strength of the cylinders with changes in cylinder length. The cylinders were hung

in the center of a "clutter screen" made of cork spheres. Echoes from the cork spheres

interfered with echoes from the targets, creating reverberation. As predicted, the

dolphin's detection accuracy increased monotonically as target strength was increased by

using larger cylinders.

The signal-to-noise ratio drops as the distance between the dolphin and a target is

increased, thus the ability of a dolphin to detect a target should decrease with target

range. Larger targets should be detectable at greater ranges than smaller targets.

Murchison (1980) reported that the limit of detection for a 2.54 em diameter solid steel

sphere was 72 m, extending to 78 m for a 7.62 em water-filled stainless steel sphere. Au

and Snyder (1980) examined the bottom topography at Murchison's experimental site and

found an underwater bank at 73 m, and concluded that the performance reported by

Murchison (1980) was limited by reverberation. In a subsequent experiment, Au and

Snyder (1980) demonstrated that the 7.62 ern sphere could be detected out to 113 m by

conducting the same task in a different location.

Discrimination ofObjects usingEcholocation

In addition to sensitive target detection and range resolution abilities, dolphins

can be trained to discriminate between targets using echolocation. As was true for
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studies of detection, most of the investigations of target discrimination have been done

using Tursiops subjects. The first report of discrimination performance was that of Evans

and Powell (1967), who showed that a dolphin could discriminate between plates made

of different metals. The ability to discriminate among cylinders and spheres using

echolocation has also been demonstrated with a false killer whale (Brill, Pawloski,

Helweg, Au & Moore, 1992).

Discrimination of targets that varied in size has been demonstrated (Nachtigall,

1980). As a target increases in size, the amplitude of the target echo (the target strength)

increases. Thus, asking a dolphin to discriminate targets of different size amounts to an

amplitude discrimination task, ceteris paribus. One common target type is spheres (see

review in Nachtigall, 1980), which are used due to the simple aspect independent

relationship between sphere diameter and target strength. Cylinders are a second

common target type. The target strength of cylinders is proportional to the length and

diameter of the cylinder, and cylinders can also be presented in an aspect independent

orientation, with the long axis perpendicular to the angle of incidence. Ayrapet'yants et

aI. (1969, in Nachtigall, 1980) demonstrated that a bottlenosed dolphin could

discriminate a 25 mm from 30 mm steel cylinder at 20 m. The performance of Tursiops

and an Amazon River dolphin were comparable, both species discriminating cylinders

with 1 dB difference in target strength (Evans, 1973). Echo amplitude increases as the

cross-sectional or planar surface area of the target increases, and dolphins can

discriminate between circular planometric targets of different surface area (Barta, in

Nachtigall, 1980).

Discrimination between targets of different shapes can be accomplished even

when target strength is controlled. Barta (in Nachtigall, 1980) demonstrated that a

dolphin could discriminate circular from triangular or square planometric targets of equal

surface areas (thus, presumably, of equal target strength). Au, Schusterman and Kersting
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(1980) showed that a dolphin could discriminate between foam spheres and cylinders

with target strength cues controlled. Dzeidzic and A1curi (1980) showed that a dolphin

could discriminate between a circular ring and polygon of three or more sides.

Discrimination accuracy was high for polygons with three and four sides, but fell rapidly

as the number of sides of the polygon was increased beyond four. The interactions

between target shape and material results in complex changes in echo waveforms (e.g.,

Neubauer, 1986) and makes isolation of the acoustic cues used by the dolphin difficult.

Roitblat et aI. (1990) used a 3-alternative match-to-sample task to demonstrate that a

dolphin could recognize open-ended PVC cylinders, solid aluminum cones, and water

filled stainless steel spheres. The dolphin could have performed the target recognition

using information contained in the spectra of the echoes (Roitblat, Moore, Nachtigall,

Penner & Au, 1989a, 1989b; Roitblat, Moore, Nachtigall & Penner, 1991).

Two experiments have explicitly examined the ability of a dolphin to discriminate

among aspect-dependent targets while manipulating the aspect of presentation. Au and

Turl (1991) demonstrated that a dolphin could consistently discriminate a cylinder made

of aluminum from cylinders made of steel and coral rock while the orientation of the

cylinders was systematically varied. Nachtigall, Murchison and Au (1980) trained a

dolphin to discriminate between foam cubes and cylinders, controlling for target strength

relationships. The targets were always presented in the same orientation, with the

cylinder upright and the flat (planar) face of the cube toward the dolphin. The dolphin

learned to discriminate the cylinder from the cube in this orientation with high (91%)

accuracy. When the targets were inspected using a synthetic sonar system, no obvious

unidimensional acoustic features were identified that may have formed the basis of the

dolphin's discrimination performance. However, cylinders are aspect-independent only

when the long axis is perpendicular to the angle of incidence, and will present a planar

circular face when the end of the cylinder is normal to the angle of incidence. Cubes are
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aspect-dependent, looking different from different angles. To explore the richness of the

animal's representation of the targets, Nachtigall et aI. (1980) tested the dolphin with the

targets presented in novel orientations. The results of the probe trials suggested that the

dolphin had formed a fairly rigid, aspect-dependent representation of the targets because

choice accuracy declined as the targets were rotated away from standard orientation.

When the cube was placed so that one edge faced the dolphin, but the cylinder was kept

in standard orientation, accuracy fell to 84%. When the cylinder was presented lying

horizontally versus the cube comer, accuracy fell to 71%. Finally, when the dolphin was

asked to discriminate between the round planar face of the cylinder and the square planar

face of the cube, performance fell to near-chance levels (Nachtigall et aI., 1980).

Subsequent examination of the echoes from the targets revealed no differences in any

single acoustic property that remained stable as orientation was manipulated, thus the

acoustic basis for the dolphin's performance was unidentified.

Dolphins can also discriminate between targets made from different materials

using echolocation. Hammer and Au (1980; Au & Hammer, 1980) provided evidence

that a dolphin could discriminate a hollow aluminum cylinder from a solid cylinder made

of coral rock encased in epoxy resin. However, the dolphin reported that novel

aluminum cylinders were not the same as the standard aluminum cylinders even though

the novel cylinders were made from the same aluminum stock and were thus nominally

identical to the standard. Also, the dolphin correctly rejected cylinders made of bronze

and steel, but confused a glass cylinder with the aluminum standard. The dolphin later

learned to discriminate between one set of glass and aluminum cylinders (Schusterman,

Kersting and Au 1980). These experiments demonstrated that the dolphin could

discriminate among cylinders made of different materials, but the criteria for inclusion in

the category as the aluminum standard was not based entirely on the property of material

composition but rather on acoustic properties of the echoes. Examination of the echoes
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from cylinders made of different materials (Hammer & Au, 1980) revealed differences in

the echo spectra that may have served as discrimination cues.

It is not known if dolphins preferentially attend to differences in the time structure

of echo waveforms or to differences in the frequency structure of echo spectra in order to

discriminate among targets. Reflecting surfaces produce "highlights," also called "glints"

(A1tes, 1976), which are the amplitude peaks in an echo waveform. Highlights may be

generated by target surfaces separated along the range axis (distance), or by reflections

that travel along paths of different lengths (Neubauer, 1986; Au & Pawloski, 1992).

Multiple highlights generate rippled spectra, which are frequency distributions

characterized by evenly-spaced series of notches and peaks. Tursiops can be trained to

discriminate echoes with smooth spectra from echoes with rippled spectra (Au &

Pawloski, 1989), which suggests that dolphins could use spectral rippling as a

discrimination cue. Examination of the echoes from cylinders different wall thickness

(Au & Hammer, 1980; Hammer & Au, 1980; Au & Pawloski, 1992) revealed target

specific spectral ripples generated by systematic differences in separation times between

the first and second echo highlights (Au & Pawloski, 1992). Thus, discrimination of

cylinders of different wall thickness may have been accomplished using cues in the

frequency domain.

Echoes with multiple highlights may generate the perceptual phenomenon of

time-separation pitch (TSP). TSP is generated whenever two or more acoustic events

occur at regular time intervals. For example, if one cycle of a 1 MHz sine wave was

pulsed at a rate of 1000/sec (i.e., 1 msec interclick interval), a tone is perceived with a

frequency equal to the repetition rate, in this case at 1 kHz (1000 cycles per second).

This example illustrates that TSP is purely a perceptual phenomenon, because a 1 kHz

tone would be perceived although the energy in each click lay at 1 MHz. Notice that the

classical definition of TSP is a perceptual event generated by the repetition of signals.
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However, the possibility exists that the separation of highlights within single echoes may

also generate TSP-Iike cues that may be used by dolphins as perceptual discrimination

cues (e.g., Au & Hammer, 1980; Hammer & Au, 1980; Au & Pawloski, 1992).

As described above, Evans and Powell (1967) showed that an echolocating

dolphin could discriminate between plates made from different metals. Human subjects

were tested with stimuli that resembled the echoes received by the dolphins. Fish,

Johnson and Ljungblad (1976) showed that SCUBA divers could discriminate among

metal plates with high accuracy using instruments that time-stretched a simulated dolphin

sonar click by a factor of 128 and reduced the peak frequency of echoes from 60 kHz to

approximately 0.5 kHz. Au and Martin (1988) asked human listeners to discriminate

among playback of echoes from the set of metal plates used by Evans and Powell (1967).

The echoes were generated with a synthetic sonar signal and were time-stretched to

reduce the peak frequency of the echoes from 60 kHz to 2.4 kHz. The subjects had no

difficulty discriminating between the different plates, and reported that cues identified as

TSP readily allowed them to discriminate among the targets (Au & Martin, 1988).

Caution should be used in interpreting these results because the time-stretched

echoes were presented at a constant repetition rate, which maximizes the probability of

generating TSP. In contrast, inter-click intervals (and thus inter-echo arrival times)

produced by dolphins are not perfectly homogenous, which reduces the probability of

generating TSP by the arrival of successive echoes. Also, if dolphins listen for echoes

only after a click has been emitted ("gated listening"), then each echo would be treated as

an independent event temporally, which eliminates the possibility of TSP. However, if

TSP-like effects can be generated by multiple highlights within single echoes, then the

results described by Au and Martin (1988) do suggest that the dolphin subjects may have

been utilizing TSP-like cues when solving the comparable task (Evans & Powell, 1967),
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and suggest that TSP-like effects may provide discrimination cues in any task that

requires discrimination among targets that generate multi-highlight echoes.

When the results of discrimination experiments are pooled, perhaps the most

important finding is that the acoustic cues that may have been used by the dolphin are

specific to the exact shape, size, material composition, and orientation of the targets

(Nachtigall,1980). For example, Hammer and Au (1980) demonstrated that a dolphin

could discriminate between a cylinder made of aluminum and a cylinder made of coral

rock, but could not discriminate the aluminum cylinder from one made of glass. Thus,

the ability to discriminate cylinders made of aluminum and coral rock does not imply the

general ability to discriminate among cylinders made of different materials (Hammer &

Au, 1980). However, identification of acoustic characteristics of the targets that may

have served as discrimination cues is an important step towards isolating acoustic

properties to which an echolocating dolphin may be attentive or indifferent. This is the

first step in constructing models of how dolphins process, represent, and use echoic

information.

Using Neural Networks to Model Dolphin Echolocation Performance

Traditional models of dolphin echolocation have used knowledge of the

engineering designs and signal processing used in human artificial SONAR systems to

generate hypotheses about how echolocating dolphins may process their biological

SONAR signals (e.g., Altes, 1976; Altes, 1980; Floyd, 1980; Au, 1988a; Altes, 1988).

An alternative approach to investigating dolphin echolocation is to develop models that

mimic discrimination performance using information that is available to the dolphin in

the echoes from targets. Ifuseful acoustic properties have been targeted for inclusion in

the model, then the accuracy and pattern of errors generated by the model should be

comparable to those observed for the dolphin. Assumptions about how dolphins are
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processing echoic information are thus tested computationally, without making any

strong assumptions about the physical processes that underlie echolocation performance.

The most fruitful line of models currently being explored have contrasted the

discrimination accuracy of a dolphin with the classification accuracy of one or more

artificial neural networks (Roitblat et aI., 1989a, 1989b; Roitblat et aI., 1991; Moore,

Roitblat, Penner & Nachtigall, 1991). In this section, I will describe artificial neural

networks (e.g., Hopfield & Tank, 1986; Rumelhart & McClelland, 1986; Gorman &

Sejnowski, 1988; Hecht-Nielsen, 1988; Kohonen, 1988; Grossberg, 1988; Carpenter,

1989) and discuss the rationale for employing them in models of dolphin echolocation.

Neural Networks

Kohonen (1988a, p. 4) provided the following definition of artificial neural

networks.

"Artificial neural networks" are massively parallel interconnected
networks of simple (usually adaptive) elements and their hierarchical
organizations which are intended to interact with the objects of the real
world in the same way as biological nervous systems do.

This definition contains two important points. First, Kohonen described the parallel

distributed nature of artifical neural network (ANN) architecture. Second, the definition

captures the flavor of the aspirations of the artificial intelligence community, in which

ANNs are viewed as the strongest computational analogy to biological nervous systems

to date.

These networks, usually instantiated in computer software, are used as a metaphor

for the brain. They are seen as utilizing the same type of information processing

mechanisms and representation of information as is thought to occur in biological

nervous systems (Minsky & Papert, 1969; Rumelhart & McClelland, 1986; Grossberg,

1988; Kohonen, 1988a, 1988b; Smolensky, 1988; Caudill & Butler, 1990). Artificial

neural networks use "brain-style" parallel distributed computation, as compared to the
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symbolic serial von Neumann computation that is performed within most standard

computer systems. This method of computation results in two characteristics that mimic

the computational behavior of biological nervous systems (e.g., Caudill & Butler, 1990).

ANNs are capable of generalizing, learning the general characteristics of some target

catergory from specific examples. This ability to generalize makes ANNs noise tolerant,

that is, they are capable of making a target classification based on noisy or incomplete

data. ANNs also show graceful degradation, which means that the ANN can continue to

work with some computing elements missing. Performance degrades partially with

partial damage to elements and connections.

Architecture

The basic computing element of ANNs is analogous to a biological neuron.

These elements are arranged in sets called layers, analogous to layers of neurons or

ascending stages of information processing in biological nervous systems. Elements in

different layers can be connected, analogous to synapses in a nervous system. An

element in the network can be connected to other elements in the network via variable or

fixed weight connections. The connections are analogous to synapses and convey the

activation of one element to its neighboring connected elements. The activation of each

element is a function of the weighted sum of the activations it receives through these

weighted connections. The activation function is typically nonlinear and may involve a

threshold, below which the unit is inactive (for further details see Wasserman, 1989, or

Caudill & Butler, 1990).

Each element has associated with it two parameters, its connection strengthwith

other elements, and its activation energy. The connection strength is the weight applied

to the input of another element, one connection strength for each connection. A

connection of low weight strongly attenuates incoming signals. Using the biological

metaphor, the connection strength between two units can be thought of as corresponding
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to the "neural conductivity II at a given synapse. Each computing element has an

activation energy that is equal to the sum of it's weighted inputs. Using the biological

metaphor, activation strength determines the output of the element and is thus roughly

analogous to the firing rate of a neuron. The output of each computing element is usually

nonlinear, with the element firing if its activation energy exceeds some threshold value.

The computing elements in each layer are typically fully connected to elements in

the preceding layer. The first layer is an input layer, whose activation is specified by a

vector of data. The pattern of activation on the input layer is then transmitted via

weighted connections to one or more "hidden layers." The use of hidden layers allows

separation of nonlinear categories. The pattern of activation on the hidden layer is then

transmitted, again via weighted connections, to the output layer. Target classification

produced by the network appears as the set of activation values on the output layer.

ANNs have been used extensively in pattern recognition tasks (e.g., Grossberg,

1976; Gorman & Sejnowski, 1988; Roitblat et aI., 1989a, 1989b, Moore et aI., 1991;

Roitblat et aI., 1991; Bebis & Papadourakis, 1992). The input vector is a string of real

values that measure the different parameters of a set of stimuli. The network is not

instructed as to the relative importance of the input variables; rather, the network learns

to weight each variable in such a way as to categorize each stimulus with the least error.

ANNs can be trained through supervised or unsupervised learning (e.g., Rumelhart,

Hinton & Williams, 1986). In supervised learning, the input layer is presented with a

vector of dependent measures of a stimulus, and the correct stimulus category is

presented to the output layer. The network processes the input data and presents a

classification on the output layer. The difference between the computed and expected

classification score is propagated back through the network, and is used to adjust the

connection weights of the network. Learning occurs by iteratively minimizing the
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difference between expected target identity and the classification by the network by

adjusting the connection weights between network elements.

Thus, ANNs learn a representation of the stimulus classes that is distributed in the

connection weights among the network elements (Rumelhart & McClelland, 1986;

Smolensky, 1988). One important difference between the classification function derived

by a neural network and a traditional discriminant analysis (e.g., Tabachnik & Fidel,

1989) is that standard discriminant analysis requires the categories to be linearly

separable, i.e., that each class can be separated from each other class by a single criterion

on a linear function of the input data. In contrast, any ANN with three or more layers can

be used to compute (i.e., can learn to represent) any arbitrary function (e.g., Rumelhart &

McClelland, 1986) and thus neural networks can discriminate among categories that are

nonlinearly related.

Models ofEcholocation

The first application of neural network models to dolphin echolocation was

reported by Roitblat et al. (1989a). A dolphin was trained to discriminate among solid

aluminum cones, water-filled stainless steel spheres, and open-ended PVC cylinders

using echolocation in a 3-alternative delayed match-to-sample task (Roitblat et aI., 1990).

Recognition performance averaged about 94% correct over 48 sessions. The dolphin

emitted an average of 37 clicks to an average of 4.2 comparison stimuli per trial, and the

number of clicks emitted was a function of the target -- the fewest clicks were needed to

recognize the PVC tube (Roitblat et aI., 1990).

Roitblat et al. explored the ability of a counterpropagation network (1989a,

1989b) and a backpropagation network (1989b) to classify the targets using spectra from

echoes from the targets. Target spectra are a logical candidate for input data in

constructing a model of the dolphin's performance, as the first stage of echo processing in

the dolphin's auditory periphery can be thought of as a frequency transform of the raw



24

echo waveforms by the basilar membrane. The two network architectures were 100%

successful in classifying the targets when the networks were trained with echoes

collected using computer-generated clicks in a quiet test pool. The two networks were

then tested using spectra from echoes collected while the dolphin was performing the

recognition task. These natural conditions were characterized by high ambient noise,

thus the echoes from the targets collected under natural conditions were degraded relative

to those collected in the controlled conditions of the test pool. Classification accuracy of

the two networks was not affected and remained at 97% when tested with the noisy data.

The trained counterpropagation network could correctly classify a target using

only one echo. In contrast, the dolphin always emitted more than one click while

performing the recognition task (Roitblat et al., 1990). Two models could be used to

explain this result. Sequential sampling models assume that the observer combines

information from successive samples when identifying the target (Roitblat et aI., 1990,

1991), thus multiple clicks emitted by the dolphin were an attempt to accumulate

sufficient information to reach a confidence criterion. The alternative model specifies

that the dolphin does not combine information from successive echoes, but emits

multiple clicks until a sufficiently "good" echo returns that allows target identification.

A novel network architecture was then developed in order to test the two

alternative models of the dolphin's behavior. The Integrator Gateway Network (IGN)

architecture incorporates the sequential sampling assumption that the dolphin combines

information from successive echoes (Roitblat et al., 1991; Moore et al., 1991). The IGN

accumulates an average-like sum in the first hidden layer, i.e., the IGN uses a running

average of the raw data as the source of information for target classification. A

backpropagation network was used to model the alternative hypothesis that the dolphin

emitted clicks ofvarying quality and waited for a single adequate echo, as
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backpropagation network do not combine successive echoes, instead treating each one as

an independent event.

The classification performance of the two network architectures was contrasted to

test the alternative models. The networks were trained on sample of 60 echoes

haphazardly selected from a total of 1,335 sequential echoes collected during the

dolphin's testing. The trained networks were then presented with 30 test trials, 10 scans

of each target, and the performance was rated as number of echoes needed to

discriminate the targets at a 0.96 confidence criterion. The outcome revealed strong

differences in the performance of the two architectures. The Integrator Gateway required

an average of 11.67 clicks to reach the 0.96 confidence criterion, with a discrimination

accuracy of 90%. The backpropagation network required the same average number of

clicks (11.57) to reach 0.96 confidence criterion. However, the backpropagation network

made significantly more errors than the Integrator Gateway (Roitblat et aI., 1991; Moore

et aI., 1991).

Different models of echolocation Information processing can be compared using

different ANN architectures. The relative accuracy of the ION relative to other ANNs

suggests that computation of a running average of the incoming echoes is a successful

strategy for pattern classification, and suggests an explanation for the observation that

dolphins gather multiple echoes during discrimination tasks. Averaging will tend to

attenuate the effects of random noise, and will tend to accentuate any "real" target

characteristics present in the echo waveforms. Both result in a computationally-enhanced

signal to noise ratio and may increase the discriminability of target echoes.
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The Representation of Echoic Information

Vision as a Metaphorfor Echolocation

Echolocation has often been likened to a visual process, whereby the dolphin

"looks at" a target with its echolocation "beam." The highly directional nature of

echolocation clicks (Au et aI., 1978; Au, 1980) and dolphins' hearing capacities (Au &

Moore, 1984) have given rise to the analogy of echolocation as a flashlight.

Natural illumination is continuous; in contrast, dolphins emit echolocation clicks

that are discrete with respect to time. Thus, we should say that the echolocation

"flashlight" is pulsed rather like a strobe light, with each flash of light lasting about 50

usee. This energy briefly "illuminates" the target, producing a reflection that returns to

the dolphin. The very short duration of each flash means that the dolphin receives a

series of "snapshots" of the target. Also, as described above, the transmitting beamwidth

is directional, forming a cone with a spread of roughly 10° (Au et aI., 1978). Thus, the

strobe light must also be directional, perhaps similar to that of a laser.

The reason for pursuing this metaphor is to address the question of whether

dolphins form representations using echoic information in which information about target

structure is explicitly encoded, analogous to the formation of visual images by humans.

A representation explicitly codes the relationship between certain types of items, features

or events and a set of internal symbols that are used to store and process the information

(Roitblat, 1982, 1987). Representations of semantic information may take the form of

propositional links that describe the relationships between different semantic categories,

such as "A dolphin is a mammal." A second type of representation is an image, an

analog description of the structure of a real world object. Images are viewer-centered

representations that can be used at various scales and levels of detail. The way

information is represented will affect the ease with which it is manipulated. The analog

nature of images implies that they have information about object structure encoded
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explicitly in the representation, thus storing information about object structure permits

the representation to be manipulated in much the same way as spatial information is

processed. This does not imply that images must be visual.

The methodology and types of targets used in past investigations of target

discrimination in dolphins have limited the ability to make inferences about the nature of

the representation formed by the dolphin. For example, both the dolphins and the targets

were stationary, with only few exceptions (Moore, 1980; Poche, Luker, & Rogers, 1982).

Importantly, many of the targets used in shape discrimination tasks have been aspect

independent (e.g., spheres) or have been presented in an aspect-independent manner (e.g.,

cylinders, cones) (Au, Schusterman & Kersting, 1980; Nachtigall, Murchison & Au,

1980; Roitblat et aI., 1990; Brill et aI., 1992). Training a dolphin to identify aspect

dependent targets such as cubes without varying target orientation may result in an

aspect-dependent representation (Nachtigall, Murchison & Au, 1980). It may be

impossible to form an aspect-independent representation of an aspect-dependent target if

the subject experiences the target from only one aspect.

AnalogRepresentationand MentalRotation

For humans, most objects that we encounter are aspect-dependent because they

look different depending on the angle from which they are viewed. The question then

arises as to how aspect-dependent objects are recognized when viewed from different

orientations. Humans may generate analog visual representations that are used for object

recognition (Corballis, 1988; Corballis & Cullen, 1986; Shepard & Metzler, 1971;

Jolicoeur & Cavanagh, 1992; McMullen & Jolicoeur, 1992; Tarr & Pinker, 1989). The

investigations of Shepard and Metzler (1971) first suggested that some visual

representations may be analog in nature. They required subjects to decide whether the

perspective drawing of one 3-D object differed from another drawing by a rotation (same

object) or a rotation plus a reflection (different object). The reaction time was
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proportional to the amount by which the test stimulus had been rotated. These results

suggest that subjects used an analog representation that they "rotated in their mind" to the

orientation of the sample stimulus in order to make the same/different decision.

There is no evidence that dolphins use echolocation to form analog

representations in which object structure is encoded explicitly, i.e., acoustic images.

Dolphins may recognize objects based entirely upon the acoustic structure of their echoes

rather than the spatial structure of the objects. However, the relationship between target

structure and the echo waveform is extremely complex (Nachtigall, 1980; Nachtigall et

aI., 1980; Neubauer, 1986). The acoustic structure of echoes does not necessarily map

isomorphically onto the 3-D structure of targets, and it appears unlikely that any single

echo parameter can unambiguously code for shape information across changes in

orientation (Griffin, 1967; Nachtigall et aI., 1980; Neubauer, 1986; Miller & Pedersen,

1988; Simmons & Chen, 1989).

Bats& AcousticImages

Bats may form representations of targets that encode information about some

parameters of target structure. Echolocation abilities are documented for many species of

bat (Chiropteridae) (Busnel & Fish, 1980; NachtigaII & Moore, 1988), especially

microbats (Microchiropterids). The signals used by bats are adapted to echolocation in

air. They have longer durations relative to cetacean echolocation clicks (for review, see

Schnitzler & Henson, 1980) and tend to have instantaneous frequencies of relatively

narrow bandwidth (Busnel & Fish, 1980; Nachtigall & Moore, 1988). In contrast to the

echolocation clicks produced by odontocetes, bat echolocation chirps are well suited for

velocity resolution using Doppler shift because of their longer-duration narrow band

character.

The discrimination abilities of some species of bats (Schnitzler & Henson, 1980;

Simmons, 1980; Simmons & Grinnell, 1988; Ostwald, Schnitzler & Schuller, 1988;
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Schmidt, 1988) are comparable to those reported for dolphins. Perhaps the most

thoroughly studied are range discrimination abilities (for review, see Simmons et aI.,

1990). As described above, the acoustic correlate of target range is echo delay.

Simmons has placed heavy emphasis on the range discrimination "hyperacuity" of bats,

especially the large brown bat Eptesicus fuscus, as determined by "jittered target"

methodology (Simmons, 1979; Menne, Kaipf, Wagner, Ostwald & Schnitzler, 1989;

Moss & Schnitzler, 1989; Simmons et aI., 1990; c.f. Kadane & Penner, 1983). Jittered

target experiments test the ability of a bat to discriminate between echoes that arrive after

constant delay and echoes that arrive with some variability in delay ("jitter"). Using jitter

methodology, Simmons et al. (1990) have provided evidence thatEptesicus can perceive

temporal delays down to 10 nsec (ten billionths of a second), which theoretically

corresponds to a range discrimination of about 3 um. The acoustic cues used by the bats

to perform this discrimination were not identified.

Simmons argued that bats use temporal information in target echoes to derive

"images" of target shape along the range axis (the depth structureof the targets)

(Simmons & Grinnell, 1988; Simmons, 1989; Simmons & Chen, 1989; Simmons et aI.,

1990). Target surfaces that lie at different depths produce a sequence of glints (Altes,

1976) with separation time that is proportional to the difference in range from the bat.

The hyperacuity of temporal discrimination abilities of bats (e.g., Simmons et aI., 1990)

suggests that they could be sensitive to micrometer differences in range; thus, bats should

be capable of constructing a detailed range-extended image of the target. One should

note, however, that formation of images of spatial extent does not necessarily follow

from the ability to discriminate among two different signal types. Discrimination may be

based on acoustic differences among the echoes, rather than on an inferred spatial

difference that is a function of temporal differences in the echo waveforms.
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Perception ofobjectstructure by humansusingvisualinformation

Models of how humans perceive and recognize objects in the visual modality may

yield insights into how dolphins form representations from echoic information. The

models developed to describe perception of form may help to identify the sorts of

information that could be available to a dolphin during echolocation. Also, some models

of object perception propose explicit computational processes are implicated in

determining object structure from visual information.

Marr'sComputational ModelofVision

Marr (e.g., 1982; Marr & Nishihara, 1978) provided a computational model of

vision extending from early processing of the grey level image to object recognition. In

their model, low-level vision occurs roughly as follows. At locations where intensity

suddenly changes, such as at object edges, the second derivative of the intensity changes

sign. This is called a zero crossing. Zero crossings are the fundamental information used

in Marr's model.

The retina acts like a bank of filters, producing images that have varying levels of

spatial detail. Evidence for this assertion comes from the arrangement of connections

between neighboring neurons, that interact in a way that enhance the contrast between

regions of high and low intensity (Marr, 1982). Marr (1982) emulated the early visual

processing that occurs in the retina by convolving a computerized grey level image with

DOG (Difference of Gaussians) filters of varying widths. The degree of spatial

resolution is related to the width of a DOG filter, with the narrowest DOG filters

producing filtered images of greatest detail. The model then identified similarities in the

structure of the images at different scales of resolution by comparing the zero crossings

from each DOG channel. Zero crossings that existed in multiple channels were assumed

to represent a change in the physical surface of the object, such as an edge or object

boundary.
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Marr described several computational systems that could operate on zero

crossings to produce machine behavior similar to human performance on comparable

psychophysical tasks. For example, Marris stereo vision algorithm correctly interpreted

random dot stereograms of the type used by Julesz (1960), using disparity of zero

crossings to produce the correct stereo effects.

Structure from motion

Ullman (1979) described a means by which structure could be derived from

successive views of an object in apparent motion, i.e., the three dimensional shape of the

object can be induced when the observer has views of the object from more than one

aspect. Ullman's structure-from-motion theorem (1979) states that structure can be

determined from a rigid target in motion if a minimum of four points on the object have

been identified in a minimum of three views. The model described by Ullman could use

zero-crossings as its raw input (Marr, 1982). The output of Ullman's model is a

generalized description of the spatial extent of the object, and lacks detail about target

shape. Structural continuity could be generated through interpolation along subjective

contours, although the interpolation mechanism is unclear (e.g., Saidpur, Braunstein &

Hoffman, 1992).

The process described by Ullman (1979) proceeds roughly as follows. Each view

represents a plane onto which the points of the object are projected. Using one point as

the origin, a set of axes can be established with vectors of known length to each of the

three other points. The location of the points in three dimensions can be derived from the

intersections of the unit vectors, thereby yielding target structure.

The analogy to echolocation lies in the brief duration of echoes produced by

dolphin echolocation clicks. As described above, each echo may be like a "snapshot" of

the ensonified target. As the dolphin moves relative to the target, the target is viewed
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from different angles. The dolphin may integrate information gathered from different

views, deriving a computational perception of object structure.

ShadingandPhotometric stereo

When illumination is directional, the pattern of shading on a surface can yield

cues as to the orientation of the surface. Hom (1975) showed that surface orientation

could be inferred from changes in image intensity. Horn's methods (1975) rely on

illumination from a (distant) point source, and require the observer to know surface

reflectance functions. Surface orientation is determined by reading orientation off a map

of the surface that relates orientation and reflectance. Basically, this means that the

observer has to know how light will reflect off a surface when the surface is tipped

relative to a source of illumination. For example, a mirror will produce a bright

reflection when oriented toward the sun, and the brightness of the reflection will quickly

fall off as the mirror is tilted away from the optimal orientation.

However, the technique of deriving shape from shading may be a profitable

analogy to echolocation, as the echolocation signal may be considered a point source of

"illumination." Specifically, photometric stereo techniques (Hom, Woodham & Silver,

1978) allow shape to be reconstructed given information about surface reflectance.

When the intensity of light reflected off a surface is read from a surface reflectance map,

the tilt is known but the rotation of the surface is ambiguous. Again, recall that a

reflectance map describes how reflected light intensity changes as a function of the tilt of

the surface. If a photo of the same surface is taken when the source of illumination has

moved, a different reflectance map is used to locate the tilt of the surface. The

intersection of the two sets constrains the possible range of orientations of the surface.

The orientation of the surface becomes firmly established with additional views under

different lighting conditions.



33

The problem in applying this technique to most everyday scenes is that everyday

scenes are usually illuminated in complex ways, and Horn's (1975) methods assume a

single direct light source. However, psychophysical data suggest that observers "assume"

that there is a single source of illumination which lies above the scene (Kleffner &

Ramachandran, 1992), a perceptual assumption that makes extraction of shape from

shading a possibility. Even with simplifying assumptions about observer constraints, the

complexity of the computations involved in deriving shape from shading reduce its

plausibility as a candidate for a biological model (Marr, 1982).

By analogy, dolphins may be able to construct a structural representation of a

target by integrating information contained in the amplitude of target echoes. It

presumes, however, that dolphins have the capacity to form reflectance maps, i.e., that

dolphins would know how echo amplitude changes as a function of the angle of

orientation for a wide variety of generic surfaces. This has not been established. Echo

amplitude changes with target range and the shape, material composition, and orientation

of targets. The problem faced by a dolphin would be to determine the proportion of an

observed change in amplitude related to the change in orientation of an aspect-dependent

target, and to eliminate the effects due to material composition and range. Dolphins

could constrain the possible interpretations of a change in the amplitude of echoes using

information contained in other parameters, or possibly by integrating information

contained in successive echoes. For example, a decrease in amplitude accompanied by

an increase in the return time for echoes would imply that the target is moving away from

the dolphin. In sum, however, the computational demands appear to be high and the list

of constraining assumptions perhaps too broad to make determination of target structure

using echo amplitude improbable.
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Objectrecognition

Theories of shape recognition fall into two general classes. First, objects may be

recognized through the processof forming an object-centered, viewpoint-independent

representation of the object (e.g., Marr & Nishihara, 1972). Object recognition may not

occur immediately if the orientationof the object is unexpected or novel (e.g., Pinker,

1984; Corballis, 1988; McMullen & Jolicouer, 1992). The subject performs "mental

rotation" of the perceived imageto match a stored canonical representation in order to

identify the object (e.g., Cooper& Shephard, 1973). A second class of models predicts

the formation of viewer-centered representations; multiple views of each object are

stored as separate representations. Recognition is made by matching the perceived image

of the object with the list of representations in memory.

Marr's visual model results in an object-centered 3-D map of the surfaces and

edges in the visual array, constructedprior to the attachment of semantic information.

Biederman (1987) has proposedan object recognition scheme that could use as its input

the sort ofvisual representation derived by Marr's visual system. Biederman (see also

Marr, 1982) proposed that the visual system decomposes the visual scene into geometric

primitives, called "geons." Geons act as the building blocks with which objects are

constructed, and are identifiable from any viewpoint. Representation of object structure,

then, would consist of a map of the arrangement of geons to create particular objects.

Is ObjectStructure Encodedin Echoic Representations?

Marr (1982), Ullman (1979), Horn (1975) and others have shown that 3-D

structure of an object can be recovered by matching corresponding points on one or more

two-dimensional views of an object. The important point to note is that the research on

vision utilized two-dimensional projections of the objects to be recognized. This is

certainly acceptable for those working on AI models of human visual processing, as the

3-D objects of the world are projected onto the 2-D surface of the retina. However, the

waveformofan echo returning toa dolphin does not retainspatial dimensionality -- the
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waveform reduces the structural dimensionality of a target to a single dimension

(amplitude) that varies over time.

Altes (1993) has proposed a possible means by which the structure of objects

could be recovered from echoes, which he has called Line Segment Transformation.

Altes' model is based upon current remote imaging techniques used primarily in medical

technology, such as Magnetic Resonance Imaging. Objects would have to be ensonified

from at least three different angles, and the echolocation signal would have to be swept

across a target in order to capture the edges. The width of the target across the

echolocation beam can be reconstructed after application of filtering analogous to Marris

(1982) convolution with DOG filters. The resolution of structural detail is a function of

the frequency of the echolocation click, with high frequency clicks yielding line segment

transforms of greater detail. Altes' hypotheses are untested to date, and deserve careful

attention in the future.

Recent work by Pack and Herman (1991) and Harley, Roitblat, and NachtigaII

(1991) has demonstrated that dolphins can integrate information about objects

experienced with echolocation and vision. Although their methodologies differed, both

showed integration of visual and echoic information using matching tasks in which a

dolphin was presented with a sample stimulus in one sensory modality and then asked to

indicate a matching stimulus using a different sensory modality. These studies, however,

have not demonstrated that the dolphin knew anything about object structure, given only

echoic experience. Rather, these studies have suggested that dolphins can learn

associations between the echoic and visual representations of the objects they experience,

and that dolphins can form a representation of an object that is in some sense independent

of the sensory modality with which it is observed.

Thus, while dolphins appear to be able to integrate visual and echoic information

about objects, there remains no evidence that dolphins use representations that explicitly
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encodetarget shape to store information gathered through echolocation. Although

tempting, visual metaphors are of limited usefulness as sources of insight into the

cognitive processes underlying dolphin echolocation performance. Marr (1982, p. 75)

provides a caution when constructing models:

Having to formulate the computational theory of a process introduces a
great and useful discipline into the subject. No longer are we allowed to
invoke a mechanism that seems to have some features in common with the
problem and to assert that the mechanism works like the process...Stereo
matching, for example is like a lot of other things, but it is not the same as
any of them. It is like a correlation, but it is not a correlation, and if it is
treated like a correlation, the methods chosen will be unreliable.

While it may be convenient to describe dolphin echolocation using visual

terminology, I feel that it is not useful to assume that visual images and acoustic images

are identical. Dolphins may form images using echolocation. In this case, imagery may

mean the ability to represent the 3-D structure of an object from acoustic information.

This investigation was designed to assess the ability of a dolphin to recognize aspect

dependent targets using echolocation, and thus the question as to whether the dolphin

represents the acoustic properties of the echoes from an object or properties of the object

independent of the raw acoustic percept.

If dolphins were to represent directly the acoustic structure of echoes, then we

might predict that dolphins could have problems with object constancy with aspect

dependent objects because each aspect of the object can generate an echo with a different

acoustic structure. If the dolphin could recognize the geometric objects even though

orientation was free to vary, then this could be interpreted as evidence that dolphins can

form stable representations of objects regardless of orientation, and suggests that

dolphins can use varying sensory properties to recognize constant objects.

In this investigation, a bottlenosed dolphin was asked to discriminate among a set

of aspect-dependent geometric solids that were free to rotate in the horizontal plane.

Thus, the dolphin was given the opportunity to make inferences about the spatial
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characteristics of target structure from changes in echoes. Blindfolding the dolphin

removed the possibility of target recognition using visual cues and insured that target

recognition was guided by information contained in the acoustic structure of the target

echoes. Recordings of the echoes were examined for variability in target characteristics

that may have held some clues as to target identity and could be correlated with the

dolphin's pattern of responses.
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CHAPTER 2. GENERAL METHODS

Subject

The subject was an adult male Atlantic bottlenosed dolphin Tursiops truncatus

named Rake (ft598M), who was captured in coastal Louisiana waters in April 1978 for

research purposes. His estimated age at capture was 6 years, which made him

approximately 19 years old at the time of this study. He was housed in a floating

seminatural pen complex in Kaneohe Bay, Hawaii, with a subadult female Tursiops

companion. The complex consisted of three pens joined by gates. The two outside pens

were 6.1 X 4.9 m in size, and the central pen was 5.5 X 4.9 m. His weight was

maintained at 186 kg on a daily diet of 6.4 kg Columbia River smelt and 500 gm

mackerel. Rake was highly experienced with the matching-to-sample procedure used in

this investigation (e.g., Nachtigall, Patterson & Bauer, 1985; Roitblat et aI., 1990).

Materials

Stimuli

The stimulus targets were regular geometric solids (see Figure 2.1). One object

was an elongated rectangular prism (henceforth, RECTANGLE), 3.75 X 3.75 X 15 cm. The

second target (PYRAMID) was a square-based pyramid. The triangular faces of the pyramid

were equilateral with side length of 11.25 em. The third target was a cube (CUBE) 7.5 em

on side. The surface area of the planar face for each target was 56.25 cm-. The targets

were designed with equal planar surface areas as a control for target strength cues,

because the target strength of a finite planar surface is directly proportional to the surface

area (Urich, 1983).

The targets were made of 2-lb expanded polyurethane foam (Trymer CPR-190,

FiberGlass Hawaii). Expanded polyurethane foam is characterized by a homogeneous,
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fine, closed-cell bubble structure. The use of closed cell foam insured that the only

energy in echoes returning to the subject was from surface reflections because the air in

the foam structure fully reflects all impinging sound. Thus, closed cell foam eliminates

the possibility of internal reflections that would be caused by sound penetration into the

target.

The foam was first cut into the desired shapes, and then internally weighted with

a mass of lead more than sufficient to hold the targets at the desired depth. Different

masses of lead were used for each target type (because each shape had different volume)

to eliminate the possibility of differences in buoyancy-related drifting that may have

acted as a cue for discrimination. Each PYRAMID was weighted with 500 gm of lead.

Each CUBE was weighted with 350 gm of lead, and each RECTANGLE was weighted with

200 gm of lead. The stimuli were then sealed with ten layers of polyester sanding resin

(FiberGlass Hawaii S250A Sanding Resin) for protection against marine erosion and

mechanical damage. The final two layers of sanding resin were tinted blue (#6 Blue Tint,

Fiberglass Hawaii) to slow breakdown of the foam by sunlight. A 2.5 em #6 nylon screw

was anchored in the center of the top and bottom surface of each target, to which 25-lb

test monofilament attachment lines were strung.

Apparatus

A schematic diagram of the location and distances of the test apparatus is

presented in Figure 2.2. The experiment was run from a small experimental shelter built

on the central pen of the complex, in which the electronic equipment was housed. The

targets were presented to the subject remotely by lowering them into the water by means

of a system of monofilament lines that ran from the shelter to pulleys mounted on a

floating boom that was attached to the side of the pen opposite the shelter. Each stimulus

was clipped individually onto the lines using brass fishing leaders (Izuo #3 brass safety

snap swivels ), suspended 20 em below the water surface.
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Figure 2.1. A drawing of the geometric stimuli. The top row depicts the 2-D shape of
the planar face of each target, showing the target oriented normal to the incident
echolocation clicks. The bottom row is a perspective drawing of each target rotated
about 45° from normal.
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Figure 2.2. A schematic showing the location and dimensions of the testing apparatus.
An overhead view of the apparatus is shown on the left, and a view from the side
depicting the cross-section in depth is shown on the right.
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Figure 2.3. A schematic of the electronic system used to collect and store echolocation
clicks and echoes returning from the targets. The position of the B&K 8103 hydrophone
used to record clicks can be seen in Figure 2.2, located approximately 2 m directly in line
between the subject and the center stimulus positions. The position of the "Au 1" custom
hydrophone used to record echoes can also be seen in Figure 2.2, located adjacent to the
subject on his right.
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It is crucial to note that theswivelonthefishing leadersallowed the targets to

rotate in the horizontalplane. The targets were held below the water surface to eliminate

the possibility of cues from any splashing sound as the targets were lowered into the

water during trials. The subject was prevented from echolocating on the targets until

they were presented to him by hanging foam neoprene "click skirts" 50 em from the

target racks extending 60 em below the water surface, between the dolphin and the

targets. The sample stimuli were presented from the center of the apparatus 5.3 m from

the subject. Comparison stimuli were presented 4.3 m from the subject in the center of

the apparatus and to the left and right of center. The left and right comparison stimuli

were located 1.6 m (22.5") off center. The subject's responses were made to 7.62 em

foam rubber balls that floated in the water in front of each comparison location attached

to flexible PVC rods.

Digitized recordings were made of the echolocation clicks and target echoes for

each trial. Figure 2.3 is a diagram of the recording system. A Bruel & Kjaer 8103

hydrophone (B&K 8103) mounted 2 m from the subject and 1 m underwater was used to

detect and record echolocation clicks. The B&K 8103 had a flat frequency response

from 0 to 200 kHz, with a sensitivity of -211 dB at 100 kHz. A second custom-made

directional hydrophone ("Au 1") was mounted adjacent to the subject that was used to

record target echoes. The custom hydrophone had a flat frequency response from 0 to at

least 200 kHz, with a sensitivity of -184 dB at 100 kHz. Detection of a click with the

B&K triggered the echo hydrophone to record the incoming echo after an appropriate

delay. Echolocation clicks were amplified 20 dB (Hewlett-Packard Model 465A) prior to

digitization. Target echoes were amplified and bandpass filtered by passing the signals

through two Ithaca filter/amplifiers (Model 4213) in series prior to digitization and

storage. The bandpass ranged from 6.3 to 200 kHz, and the echoes were amplified by 50
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dB. The echolocation clicks and target echoes were digitized at 500 kHz using a 12-bit

AID board (RC Electronics ICS-16 ComputerScope) mounted piggyback to a Compaq

Portable III PC. The digitized clicks and echoes were stored in the Compaq PC.

Procedure

The ability of the subject to recognize the targets was measured using a 3

alternative delayed matching-to-sample procedure (3A-DMTS). The subject was first

shown a sample target. After a 15 sec delay, 3 comparison targets were simultaneously

presented to the subject. The subject's task was to correctly identify which of the 3

comparison targets matched the sample target (identity matching).

It is important to note that virtually all of the investigations described above used

protocols that required the subject to choose between two alternatives, such as

same/different tasks, 2-alternative forced choice (2AFC) or two-alternative match-to

sample (2A-MTS) procedures (except the studies of Roitblat et aI., 1989a, 1989b, 1990,

1991). The choice of methodology can place strong constraints on the interpretation of

experimental results (Schusterman, 1980, Kastak & Schusterman, 1992). In

same/different paradigms, one target is designated as the standard, and all other targets

are to be judged same or different from this standard. This potentially reduces to a

detection task, as it is solvable according to the rule "Is A Present?" Likewise, the best

one can say about the results of 2A-MTS tasks is that the dolphin could discriminate

between the stimuli, and inferences about the nature of the representation formed by the

dolphin are limited. The subject may detect stimulus-specific cues that allow it to

perform the discrimination without attending to the stimulus dimensions being

manipulated by the experimenter. For example, Barta (in Nachtigall, 1980) trained a

dolphin to discriminate circular from triangular and square planometric targets, using a
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same/different task. We should not infer that the dolphin could recognize circular,

triangular and square planometric shapes, i.e., that the dolphin had formed the concepts

of "circle," "triangle" or "square." The ability to recognize classes of targets may be

inferred using three-alternative procedures, such as 3-alternative match-to-sample (3A

MTS) (e.g., Roitblat et aI., 1990). Idiosyncratic cues that may allow targets to be

discriminated as pairs in two-alternative tasks may not be useful across three or more

comparison alternatives.

Each session consisted of 36 trials. All three targets in three comparison positions

with both distractor identity-position permutations were presented in each 18-trial block.

The sequence of trials was fully counterbalanced for stimulus identity, distractor stimulus

identity and comparison position. Trial sequences were generated and data were

collected on the Compaq PC that was used to store digitized clicks and echoes. Two

types of data were collected for each trial. The subject's response on each trial was stored

in a file along with sample identity, the positions of the comparison stimuli, and number

of echolocation clicks to the sample and choice targets.

The subject was blindfolded prior to each session with soft latex eyecups (the

subject could voluntarily remove the eyecups, but seldom did so). The subject was

required to remain near an intertrial stationing float until the experimenter started each

trial by broadcasting a 2 kHz tone from a transducer located in the stationing float for

approximately 3 sec. The subject swam across the pen into a circular aperture 1 m

underwater. An aluminum sheet covered with closed-cell neoprene (the "click screen")

was placed between the subject and the stimuli, which prevented him from echolocating

on the stimuli. The sample was lowered into the water as the subject approached the

circular window. At the start of the sample phase, the click screen was lowered and the

subject was allowed to echolocate on the sample stimulus ad lib. The sample phase was

terminated by raising the click screen if the subject had not emitted clicks for more than 5
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sec. The sample stimulus was removed and the three comparison stimuli lowered into

place during the IS-sec retention interval. At the end of the retention interval, the click

screen was lowered and the subject was allowed to echolocate on the comparison stimuli

ad lib. The subject then indicated his choice by backing out of the window and touching

a response ball located in front of the selected comparison. Every correct choice was

rewarded with two Columbia River smelt that came out of his daily ration of fish.

AnalyticVariables and Techniques

BehavioralData.

The results discussed are the outcome of two types of analyses of the subject's

choices in the experiments. The number of responses are presented in confusion matrices

that were analyzed using chi-square tests to determine if the subject's choices were

independent of the sample (correct choice) identity. The subject's matching accuracy is

measured as the percentage of correct responses. Note that chi-square tests of

independence are not tests of discrimination ability.

The data are also described in terms of discrimination accuracy, measured using

the Theory of Signal Detection sensitivity parameter d' (Swets, 1964). The sensitivity

parameter d' is a measure of the distance or separation between two distributions

representing the probability densities of the sensory effects of two kinds of events. The d'

index is zero when discrimination is at chance levels, and increases to a maximum of

3.28 when discrimination is perfect. Discrimination accuracy and matching accuracy are

derived from percentage correct choices, but have different interpretations. Matching

accuracy is a compound measure of the subject's ability to discriminate the stimuli

(sensitivity) and the subject's behavioral tendencies to respond in a given manner (biases)

(Swets, 1964).

Matching accuracy significantly below chance (perverse responding) does not

imply inability to discriminate among the stimuli. Two patterns of responses yield
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nonsignificant value of X,z. In a matching-to-sample task, matching accuracy indicates

the degree to which the subject (a) correctly identified the sample, (b) correctly identified

the comparison stimuli, and (c) selected the correct comparison stimulus from among the

alternatives. The subject could fail to match if it fails on any of these subtasks. For

example, if the subject consistently chooses one comparison over its alternatives, but

does so independently of the sample, then the subject's matching accuracy will be at

chance but it must clearly be able to discriminate among the alternatives to be able to

find it as its location changes from trial to trial. Discrimination implies nonrandom

responding given the sample but does not require the subject to select the correct choice

alternative. Thus, responding to the sample by (a) always choosing the matching

comparison stimulus or (b) neverchoosing the matching comparison stimulus are results

that suggest the subject could discriminate among the choice alternatives, and both result

in high absolute values for d'. As a result, separate measures were used to assess

discrimination performance when matching accuracy was poor.

AcousticData.

The fundamental assumption underlying the following analyses is that the

dolphin's responses were controlled by the acoustic structure of the echoes returning from

the targets on which the dolphin was echolocating. Thus, several acoustic measurements

were made of the clicks and echoes recorded during each experiment. Clicks were

analyzed to determine if the dolphin's echolocation behavior was stable throughout the

investigation. The amplitude of each click and echo was measured, and the temporal

position and amplitude of highlights in each echo waveform were recorded. Two further

measurements were made as summaries of the spectra, the center frequency and

bandwidth of the clicks and echoes.

The amplitude, or energy contained in the waveform of each echo, was measured

using energy flux density (EFD), in units of dB re 1 t-tPa2-sec. Amplitude values
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expressed as EFD can be compared with sound pressure levels in units of dB re 1 I!Pa2by

adding 58 to the EFD (Au, 1988a); thus, for example, a click with an EFD of 100 dB is

comparable to a click with a sound pressure level of 158 dB. The EFD in each waveform

was determined from the instantaneous acoustic pressure p(t) using Equation 2.1,

integrated from the first point at which the amplitude exceeded one-tenth the maximum

to the last point at which the amplitude exceeded one-tenth the maximum. An alternative

measure of amplitude is peak-to-peak voltage. However, the dolphin hearing system acts

as an energy detector (Au & Moore, 1988; Au, 1988b), summing the energy in a signal

over a period of approximately 265 usee (Au et aI., 1988; Moore et al., 1984). A signal

with a small peak-to-peak range but long duration could have the same energy as a brief,

high amplitude signal. Thus, expressing the amplitude of signals using peak-to-peak

voltage may seriously underestimate the total sound energy contained in a signal and may

render comparisons among signals unreliable.

EFD = 10 IOglO Ifp2(t) dt] (2.1)

Fe =

R 2 
Pw -

f f IU(t)1Z df

f1U(t)12 df

f (f-Fc)2IU(t)j2 df

fIU(t)12 df

(2.2)

(2.3)

The spectra of clicks and echoes were summarized as the center frequency (Fe,

kHz) and RMS bandwidth (~w, kHz). The integral for the center frequency is presented

in Equation 2.2, and for RMS bandwidth in Equation 2.3, calculated within a 2 to 180

kHz rectangular window (which fully spans the hearing range of Tursiops) from the Fast

Fourier Transform (henceforth, FFI). U(t) is the absolute value of the FFr. Center

frequency is the energy centroid of the FFr, and the RMS bandwidth indicates the

frequencies around the centroid in which the majority of energy in the spectra lies. Peak
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frequency is an alternative measure of the spectral maxima; however, peak frequency is a

more variable, and thus less informative, summary measure of frequency structure. Many

targets generate echoes with complex frequency structure (Neubauer, 1986). The spectra

of echoes from some targets can be very skewed, thus the peak is not necessarily

reflective of the actual range of frequencies. Moreover, some spectra have multiple

peaks, which makes reporting the maximum peak unreliable. In contrast, the center

frequency is the centroid of the FFf and may lie between multiple peaks. For this

reason, the center frequency is less sensitive to extreme changes at a single point in the

spectra, and provides a way to accurately summarize the energy center of the FFf even

for multimodal distributions. I used RMS bandwidth for similar reasons. An alternative

to RMS bandwidth is the 3-dB bandwidth, which indicates the points at which the spectra

falls below half-power. However, spectra may be deeply notched, which may result in a

3-dB bandwidth that is restricted to a single narrow peak in a broad rippled spectra. In

contrast, the RMS bandwidth is an integral that can span spectral notches and thus

provides a more stable measure of spectral bandwidth.

Echo waveforms have one or more regions of peak amplitude, called highlights.

Highlight structure may be used as discrimination cues by dolphins (e.g., Au & Pawloski,

1992), and thus I measured the number of highlights present in each echo, as well as the

time of occurrence and relative amplitude of each highlight. Highlights were located

empirically using the algorithm written by the author presented in the Appendix. The

presence of more than one highlight in an echo does not necessarily mean than more than

one object was producing echoes. The surface of a target closest to the click source

generates the first highlight, and later highlights may be generated by complex sound

pathways within and around the target (see, for example, Au, 1988b; Au & Martin, 1988;

Au & Pawloski, 1992).
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The absolute timeat which highlights occur may vary across an echo train if a

target moves toward or away from the dolphin. Shifts in time do not affect the absolute

value, or shape, of the FFf (although technically the phase relationships between the FFr

components will change). In contrast, the time separation between the highlights within

each echo often remains constant, especially if the target is aspect-independent and rigid.

In contrast, shifts in the orientation of aspect-dependent targets results in different

numbers and temporal positions of highlights. Thus, I used the number of highlights and

duration of inter-highlight interval (IHI) as the measures by which I compared the targets,

as it would remain stable with regard to shifts in time but would indicate changes in

target orientation.

Analysis of variance (ANOVA) and linear regression was used to investigate the

relationship between the acoustic parameters and target identity. Two indices reflect the

magnitude and relevance of the relationship between dependent and independent

variables, the F statistic and R2. The F statistic was used to determine the probability that

the observed relationship could have occurred by chance. However, statistical

significance is not synonymous with experimental significance. R2 is the squared

multiple correlation and represents the proportion of variance shared between the

dependent and independent variables. I will use the R2 nomenclature throughout

discussions of data analyses, although technically the proportion of shared variance is

represented by 1')2in the case where the predictor variables were categorical (e.g., target

type). Statistical significance coupled with low values of R2 (or T)2) is suggestive of an

effect with little experimental importance. Thus, I also considered the proportion of

shared variance when determining the importance of an effect. Effects with R2 (or 1')2)

less than 0.3 (30% shared variance) were considered to be of little practical significance,

and were rejected as unimportant.
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CHAPTER 3. ACOUSTIC PROPERTIES OF THE STIMULI

The acoustic properties of the stimuli were investigated prior to the onset of the

discrimination experiments. One example of each stimulus class (i.e., one RECTANGLE ,

PYRAMID and CUBE) was examined in an acoustic test pool at the Naval Ocean Systems

Center Hawaii Laboratory. Each target was inspected at several orientations with a

computer-generated dolphin click. Echoes from the target at each orientation were

recorded and subjected to acoustic analysis to identify echo parameters that may have

provided the subject with cues that might be used by the subject in discriminating among

the targets.

Methods.

The acoustic test pool was a concrete pool approximately 5.67 X 2.74 m in size,

with sides that sloped quickly to a depth of approximately 4.57 m. The pool was filled

with filtered seawater pumped in from Kaneohe Bay, located approximately 400 m away.

This pool was designed for testing of acoustic equipment, and was characterized by very

low levels of underwater ambient noise. The acoustic measurements were made from a

trailer that housed the electronic equipment located at the edge of the pool.

The SONAR clicks were transmitted from a transducer fixed to a walkway that

stretched across the width of the pool, and echoes from the targets were received with the

same transducer. The targets were attached to a motor-driven rotor that allowed the

target to be rotated in the horizontal plane with an accuracy of ±0.1 degrees. The targets

were attached to the rotor by three monofilament lines, one on the top center of the target,

and two on diametrically opposite comers of the top of the target, thereby forming a

linear system of attachment that reduced movement of the target in the horizontal and

vertical planes.
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Procedure

The transducer and target were located 270 em below the water surface, with the

target 200 em away from the transducer. The signal used to inspect the targets was a

computer-generated dolphin click that had been digitized and stored on a Compaq

Portable III PC with a center frequency of 121.59 kHz and RMS bandwidth of 22.72

kHz. The click was converted into an analog signal with a Qua-Tech WSB10 D/A

converter. The analog signal was passed through a custom-made transmit/receive switch,

amplified by a Hafler amplifier and then passed through a Kronhite DCA10 transformer

into the underwater transducer. The underwater transducer was custom made by

Whitlow Au, with a transmit frequency response that was flat from 90 to at least 200

kHz. The receive frequency response of the transducer was flat from 20 to 200 kHz. The

transmit/receive switch was set to trigger the echo recording system 2.5 msec after each

click was transmitted, thereby enabling acquisition of the echo returning from the target.

The echo was received by the same custom transducer and the signal was passed to a

custom made gated amplifier with a gain of 40 dB. The signal was then passed through

an Ithaca Electronic Filter (Model 4213) which was set to bandpass the signal from 6.3 

200 kHz. The Ithaco was also used to increase the gain on the acquired echo with a

setting that varied according to the target orientation. This additional gain was

determined empirically by adjusting the gain setting to maintain the echo amplitude at

approximately 1 volt peak-to-peak. Once the appropriate gain was determined, a series

of filtered amplified echoes were digitized at 1 MHz with an 12-bit AID board (RC

Electronics ICS-16 ComputerScope) and 512 points were stored to floppy disk with a

Compaq Portable III PC.

The echo acquisition system was set to record whenever an incoming signal

surpassed a 0.1 V trigger threshold. Because some of the echo waveforms had slow rise

times (see below), the echo acquisition system was set to store the 50 data points that

occurred prior to each trigger (plus 462 points post-trigger, making 512 points per



53

waveform). This insured sampling of the entire echo waveform including the initial low

amplitude stages. Collecting 512 points at a data acquisition rate of 1 MHz translates

into a binwidth, or accuracy of frequency measurement, of 1.953 kHz.

Results.

Systematic Changes in Echo Structure as a Function ofOrientation.

Each target was initially set so that the planar face of the target was normal to the

incoming click. The exact orientation was determined empirically by rotating the target

slowly until the maximum amplitude reflection from the planar surface was detected.

This orientation was assigned the value of zero degrees and all rotations were made

relative from this orientation. Each target was examined at 12 orientations, namely 0, 5,

10, 20,30, 40 ,45,50, 60, 70, 80 and 90 degrees from zero. A minimum of 10 echoes

were collected from each target at each orientation.

The FFf was determined for each echo that was recorded, from which an average

waveform and FFf were then derived for each target at each orientation. These data are

presented in Figure 3.1, 3.2, and 3.3. The FFfs are presented in relative log units, and

the waveforms are presented in relative amplitude, thus amplitude comparisons are not

possible. Figure 3.1 shows the waveforms and the associated FITs of the RECTANGLE at

each orientation. Figure 3.2 shows the waveforms and associated FITs of the PYRAMID

and Figure 3.3 shows the waveforms and associated FFfs of the CUBE. The echoes from

each target changed dramatically as a function of orientation. The echoes were of short

duration and very simple in structure when the target was normal to the click, and the

echoes lengthened in duration and became more complex as the target was rotated away

from normal. The echoes from the three shapes tended to change in similar ways as the

targets were rotated. The waveforms in Figures 3.1 to 3.3 are in units of relative
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amplitude that ranges from 0 to 1 and thus the amplitude is not comparable between

orientations.

Because the targets had four sides and were symmetrical, an acoustic parameter

that changed as a function of orientation would appear as a significant quadratic

relationship between the parameter and orientation as the target was rotated from 0 to

90°. This hypothesis was tested for each of the acoustic parameters (number of

highlights, EFD, Fe and ~w) with a second order polynomial regression equation of the

general form Y = a + b1X+ b2X2. Separate regressions were run for each target.

Number ofecho highlights

The number of highlights in the target echoes changed significantly as the target

was rotated. Echoes contained the fewest highlights when the targets were oriented at or

near normal to the incident click (0° or 90°), and the number of highlights increased as

the targets were rotated away from normal. This effect was observed for the CUBE (F(2,

169) = 40.45, P < .0001), RECTANGLE (F(2" 215) = 271.75, P < .0001) and the PYRAMID

(F(2, 200) = 41.89,p < .0001).

Echo Amplitude

The amplitude of the echoes changed significantly as the targets were rotated,

dropping rapidly from peaks at 0° and 90° by almost 20 dB to minima at approximately

30° from normal. A second, smaller peak was observed at 45°, probably generated by the

vertical edge present on each target. A significant negative quadratic relationship was

observed between the echo EFD from the RECTANGLE (F(2, 215) =469.37, P < .0001), the

PYRAMID (F(2, 200) = 294.43, P < .0001) and the CUBE (F(2, 169) = 293.78, P < .0001).

More than 70% of the variance in echo amplitude was shared by the effects of changing

orientation, as suggested by robust R2 values lying above 0.7 for each target.
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Figure 3.1. Echoes from the RECTA.-NGLE as the orientation of the RECT.ANGLE was changed
relative to the echolocation click. The target was rotated through 90°, with 0° at the top
of the Figure and 90° at the bottom. The echo waveforms are shown in the top panel and
corresponding echo FFfs are shown in the bottom panel.
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Figure 3.2. Echoes from the PYRAMID the orientation was changed relative to the
echolocation click. The target was rotated through 90°, with 0° at the top of the Figure
and 90° at the bottom. The echo waveforms are shown in the top panel and
corresponding echo FFTs are shown in the bottom panel.
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Figure 3.3. Echoes from the CUBE as the orientation was changed relative to the
echolocation click. The target was rotated through 90°, with 0° at the top of the Figure
and 90° at the bottom. The echo waveforms are shown in the top panel and
corresponding echo FFTs are shown in the bottom panel.



58

Large amplitude reflections from a planar surface occur when the surface is

perpendicular, or nearly so, to the incident signal. A good analogy is that of a mirror

reflecting the sun. When the mirror is oriented properly, then an extremely bright

reflection occurs. If the angle is changed slightly, the intensity of the reflection drops

dramatically. This is what occurs when an echolocation click reflects from a planar

surface. If the surface is normal to the incident click, then a very large (i.e., very loud)

echo is returned. If the surface is tilted only slightly, a greatly attenuated echo results.

Thus, the amplitude of echoes from planar surfaces would change most dramatically as

orientation changes a few degrees in the region right around normal incidence. This

explains the shape of the curves obtained for changes in EFD as a function of orientation

presented in Figure 3.4 below.

Center Frequency ofEchoes

The center frequency of the spectra of PYRAMID echoes increased as the PYRAMID

was rotated away from normal, changing significantly as a quadratic function of

orientation (F(2, 200) =53.97, P < .0001). In contrast, no significant relationship was

observed between the Fe of RECTANGLE or CUBE echoes and the orientation of the target.

The average center frequency of the CUBE was 115.95 kHz, and was 115.24 kHz for the

RECTANGLE.

RMS Bandwidth

The RMS bandwidth of the echoes from the RECTANGLE and PYRAMID increased as

the target was rotated away from normal. The mean bandwidth of RECTANGLE echoes was

17.58 kHz at 0°, and increased to a broad peak of about 23 kHz at orientations from 30 to

60°. The change in bandwidth of echoes from the PYRAl'.fiD was similar to that of the

RECTANGLE, increasing from a minimum of roughly 20 kHz at 0° to a broad peak of 23
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kHz at intermediate orientations. The RMS bandwidth of the CUBE did not change

significantly as the target was rotated, having a mean value of24.19 kHz.

Acoustic Differences among the Targets.

The results described above suggest the presence of a number of acoustic cues

related to target orientation. The number of echo highlights changed in similar ways for

all three targets, each having the fewest echo highlights when orientated normal to the

incoming click. The center frequency of echoes from the PYRAMID changed significantly

as a function of orientation, but the Fe of the RECTANGLE and CUBE did not. The RMS

bandwidth of the RECTANGLE and PYRAMID increased as the targets were rotated away from

normal. In contrast, the bandwidth of CUBE echoes did not change significantly as the

CUBE was rotated.

The task facing the dolphin, however, was to learn to recognize the targets even

though target orientation was not controlled. Recall that the targets were presented to the

dolphin attached to monofilament lines by miniature swivel fasteners. This method of

presentation allowed the targets to rotate in the horizontal plane. A log-linear analysis

was conducted in order to determine if significant variability among the targets existed

after statistically partialling out the signficant effects of changes in orientation. Each

descriptive acoustic summary measure (EFD, Fe, and ~w) was used as a criterion

variable, with orientation as the continuous predictor variable and stimulus identity was

the classification variable. Orientation was entered first into the regression equation, thus

the F test of the hierarchical sums of squares is a test of the statistical significance of

variance shared between stimulus identity and acoustic properties with variance due to

changes in orientation partially out.

Number ofHighlights

Significant differences were observed in the number of highlights among the

targets after the effects of orientation had been controlled (F(4,588) = 135.44,P < .0001).
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Post hoc comparison of means (Tukey's HSO) revealed significant differences among all

three targets in the number of echo highlights. Echoes from the RECTANGLE contained the

greatest number of highlights on average (3.234 highlights per echo), and PYRAMID echoes

contained the fewest highlights on average (1.995 highlights per echo). Echoes from the

CUBE contained an intermediate number, with an average of 2.668 highlights in each echo.

Echo Amplitude

Echo EFO also varied significantly among the targets after statistically controlling

for the effects of changing orientation (F(4, 588) = 194.4, P < .005). Post hoc

comparison of means indicated that the amplitude of PYRAMID echoes was 2 dB greater

than the amplitude of RECTANGLE and CUBE echoes, but no amplitude differences were

observed between the RECTANGLE and CUBE.

Center Frequency and RMS Bandwidth

The two summary measures of the target spectra, Fe and PW' did not vary among

the targets. The mean center frequency for the three targets across all orientations was

115.52 kHz (± 3.46 kHz). No significant differences among the targets were observed

after the effects of target orientation were controlled, as indicated by a nonsignificant F

test of variance between targets. Bandwidth did vary significantly as the RECTANGLE and

PYRAMID were rotated (see above), thus bandwidth for the targets cannot be summarized

in one grand mean.

The results described above are summarized in Figure 3.4. The results suggest

that significant acoustic differences existed between the targets as measured by the

number of highlights and amplitude of echoes. In contrast, the center frequency and

bandwidth did not vary significantly among the targets when the effects of orientation

were controlled using A..NCOVA. Thus, the number of echo highlights and amplitude

may have served as acoustic cues available to the dolphin for discrimination among the

targets.
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Figure 3.4. Summary of the differences among the targets as the targets were rotated.
Rotation is in units of degrees relative to normal. Amplitude is energy flux density,
measured in units of dB re 1 J.lPa2-sec. Bandwidth is RMS bandwidth, in units of kHz.

The observed relationships between the acoustic structure of the echoes and

changes in orientation were imperfect. Theoretically, any significant relationships

between acoustic properties of the echoes and target orientation should be perfectly

quadratic with the apex of the curve at 4S degrees of rotation from normal, because the

targets were rotationally symmetrical, each having four "identical" sides and edges.

Differences in the echoes could have resulted from (a) imperfect target shape and (b)

imperfect rotation by the rotor system. It is difficult to emphasize enough the sensitivity

of the acoustic structure of echoes to variation in the shape and orientation of the targets.

Perfect target structure probably exists only as an ideal, and probably can only be

approximated using machined metal targets that can hold planar surfaces that meet at

crisp edges. In addition to the only approximately symmetrical nature of the actual



62

targets, the targets were not held rigidly during data collection, instead held in relatively

fixed position using a system of monofilament attachment lines. These factors may have

combined to produce the imperfect results described above.

Classification ofthe Targets by aNeuralNetwork.

The Fe and ~w did not vary among the targets; however, these measures may not

have been sensitive enough to capture important differences among the spectra of the

different targets. FFfs are a more detailed description of target spectra, containing

information about amplitude and highlight structure as well as Fe and bandwidth. A

neural network was used to determine if the targets could be classified according to the

whole frequency structure of their echoes, regardless of orientation. A backpropagation

network (NeuraIWorks) was trained to classify the targets using the averaged FFf of

each target at each orientation as the training set (36 training vectors -- 3 targets X 12

orientations). Input to the network consisted of76 bins of spectral information, 1.953

kHzlbin, spanning the range of 1.95 to 148.4 kHz. Amplitude was expressed in relative

units with a range of 0 to 1. The network was constructed with 76 input elements (1 per

FFf bin), one hidden layer with 12 units, and an output layer with 3 elements, each of

which corresponded to one of the three targets. The network was trained to an RMS error

criterion of .05.

The network quickly learned to classify the averaged echo FFfs. The ability of

the network to correctly classify the targets was then measured using (a) the training set

and (b) the set of all echoes collected in this experiment. Accuracy was measured as a

confidence ratio, defined as the activation level of the output element corresponding to

the correct choice divided by the total activation of the three output elements. Note that

the confidence ratio reported below is that for the correct choice. The stimulus

classification of the network, indicated as the output class with the highest confidence

ratio, could differ from the actual identity of the stimulus.
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Figure 4.5. Classification accuracy of a backpropagation network trained to recognize
echo spectra. The network was trained with averaged spectra ranging from 1.95 to 148.4
kHz. The classification accuracy for individual echoes is shown in the top panel, and
results from the averaged echoes from the training set are shown in the bottom panel.



64

Figure 4.5 shows the classification accuracy of the network. Results from the

individual echoes are shown in the top panel, and results from the averaged echoes are

shown in the bottom panel. Each data point represents the confidence ratio for the

correct target type given the echo spectra provided to the network. Classification

accuracy for the individual echoes was poor, with low confidence ratios and highly

variable results. Incontrast, classification accuracy was high for the averaged FFfs, as

indicated by high confidence ratios across all orientations. The confidence ratio for all

three targets is suggestive of an inverted-U, with the lowest matching accuracy occurring

when the targets were normal or close to normal to the incoming click. These data

suggest that the targets can be discriminated using information gathered from the spectra

of the target echoes. While single echoes may not be readily identified, a system that

could average a series of echoes, such as the Integrator Gateway Network created by

Roitblat et at. (1990), or an echolocating dolphin, may be able to discriminate among the

geometric targets quite well.
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CHAPTER 4. BEHAVIORAL EVIDENCE FOR TARGET RECOGNITION

The results discussed in this chapter are the outcome of analysis of the subject's

choices in the experiments. The subject's choices are summarized as confusion matrices.

Matching accuracy is tested using OX} tests of independence, and the subject's

discrimination accuracy is measured using the sensitivity parameter d' (Swets, 1964).

Recall that the subject's responses are a compound measure of the subject's ability to

discriminate the stimuli (sensitivity) and the subject's behavioral tendencies to respond in

a given manner (biases) (Swets, 1964; Swets & Sewall, 1964).

Experiment 1. Probe ofStimulusDiscriminability

The baseline discriminability of the stimuli was determined in two probe sessions

using a two-alternative delayedmatch-to-sample (2A-DMTS) paradigm. The general

procedure used in this experiment is described in detail in the General Methods section,

except that two comparison alternatives were used. The target set consisted of three

stimuli, but each trial consisted of presentation of the sample stimulus followed by two

comparison stimuli, one matching the sample and the other a distractor. All combinations

ofsample/comparison pairs counterbalanced by distractor identityandposition were

presentedevery12 trials. These two sessions were considered to be probes and the

experimenter controlled the sequence of trials.

The results from the two probe sessions of stimulus discriminability are presented

in Table 4.1. The subject chose the RECTANGLE on 22 out of 25 trials (88%) in which the

RECTANGLE was contrasted with the CUBE, and on 19 out of 22 trials (86%) of trials in

which the RECTANGLE was contrasted with the PYRAMID. The location of the correct choice

was fully counterbalanced within each session, thus the subject had to be able to identify

the RECTANGLE in order to respond at greater than chance accuracy. These data indicate
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that the subject could discriminate between the PYRAMID and CUBE even though the

subject's responses were independent of sample identity (X? (1) = 0.476 and 0.206,

respectivelly,p> .05). In this case, the analysis reduces to a two-alternative forced

choice task; the subject's ability to discriminate the stimuli was then measured by the

proportion of responses to the comparison alternatives (Swets & Sewall, 1964). Using

this measure, the subject chose the RECTANGLE on 88% of the trials (versus the CUBE),

which yields a d' value of 1.66 for the discrimination between the RECTANGLE and CUBE.

In a similar fashion, the subject chose the RECTANGLE (versus the PYRAMID) on 86% of the

trials, which yields a d' value of 1.53. These high values of d' support the hypothesis that

the dolphin could discriminate among, even though he did not match, the geometric

stimuli.

Table 4.1. Probe of Stimulus Discriminability.

RECTANGLE vs CUBE

R C
R 12 1
C 10 2

CHOICE
RECTANGLE VS PYRAMID

R P
R 10 2
P 9 1

CUBE VS PYRAMID

C P
C 5 6
P 10 3

In contrast, examination of the trials in which the CUBE and PYRAMID were

contrasted revealed matching accuracy lying at chance levels (X?(1) = 2.51, P > .05) and

no ability to discriminate between the PYRAMID and CUBE. The subject showed a bias

towards responding to the right on PYRAMID versus CUBE trials (X2 (1) = 5.315, P < .05).

The data suggest that the subject adopted a position bias in response to a difficult

discrimination rather than as a global response strategy, because the high matching

accuracy towards the RECTANGLE suggests no presence of position biases when the subject

could perform the discrimination.

The outcome of the first experiment suggested that the RECTANGLE could be

discriminated from the CUBE and the PYRAMID but a more complex pattern of responses
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existed for the CUBE and the PYRAMID. A series of experiments was conducted in order to

determine if the subject could learn to discriminate among the stimuli in pairwise

contrasts. Three experiments were generated, contrasting the RECTANGLE and the CUBE in

the first, the RECfANGLE and the PYRAMID in the second, and the CUBE and the PYRAMID in

the third. Three sessions were conducted for each experiment using the 2A-DMTS

paradigm described above. The 2A-DMTS paradigm was used in an attempt to help the

subject identify cues for discriminating between the geometric stimuli, based on the

assumption that having to find a match among three alternatives was a more demanding

task than from among two alternatives. Three stimuli were used in each experiment.

Two of the stimuli were the geometric foam targets being contrasted. The third target

was a water-filled stainless steel sphere 7.62 em in diameter (henceforth, SPHERE). The

SPHERE was used as a control stimulus class because it is completely aspect-independent,

returning echoes that remain invariant regardless of the relative orientation of the dolphin

and target. It was also very familiar to the dolphin (e.g., Roitblat et aI., 1989a, 1989b,

1990, 1991) and easily discriminable from the foam targets. Its ease of discrimination

would presumably increase the rate at which the animal was reinforced, which would

help the animal to stay motivated on sessions that involved difficult discriminations.

Experiment 2. PairedContrast I -- RECTANGLE versus CUBE

The first pair of stimuli contrasted were the RECTANGLE and the CUBE. The

REcrANGLE was chosen based on the subject's high matching accuracy for the RECfANGLE

in the initial probe sessions. Table 4.2 shows the subject's responses for each pairwise

combination of sample and distractor. The schedule was unbalanced for target identity

but was balanced for the position of the correct comparison. The subject discriminated

the SPHERE from the RECTANGLE and CUBE with high accuracy (97% for all trials with

SPHERE as one stimulus), thus fewer trials using the SPHERE were run in order to give the

subject more experience with the RECfANGLE and CUBE in hopes that he would learn to
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discriminate them. Responding was at chance on trials in which the RECTANGLE and CUBE

were presented as comparison stimuli (X? (1) = 2.00,P > .05). Although the subject did

not discriminate the RECTANGLE from the CUBE, neither geometric targets was confused

with the SPHERE.

Table 4.2. Paired Contrast I. RECTANGLE versus CUBE.

RECTANGLE VS CUBE

CHOICE
RECTANGLE VS SPHERE CUBE VS SPHERE

R C
R 10 15
C 15 10

R S
R 8 1
S 0 18

C
C 9
S 0

S
o
18

The subject displayed a strong position bias on the difficult trials in which the

RECTANGLE and the CUBE were contrasted. The subject consistently responded to the left

on these trials, with 27 out of31 errors being responses made to the left. Again, the

perfect matching accuracy on trials in which the SPHERE was the sample, and on trials in

which the SPHERE was the distractor comparison, indicates that responses were perfectly

divided between left and right positions. The data from this experiment and from

experiment 1 suggest that the subject adopted a bias toward responding to a particular

location when confronted with the difficult discriminations.

Experiment3. PairedContrast II -- RECTANGLE versus PYRAMID

The RECTANGLE and the PYRAMID were contrasted in Experiment 3. The outcome

of this experiment is shown in Table 4.3. The subject was able to discriminate between

the RECTANGLE and SPHERE and between the PYRAMID and SPHERE with perfect accuracy.

Some confusions were made when the PYRAMID was the correct choice and the RECTANGLE

the distractor, but accuracy remained high overall (X2 (1) = 20.348, P < .01). The

majority of the confusions between the PYRMUD and the RECTANGLE (4 out of 5) occurred

in the first session, after which matching accuracy remained essentially perfect for the

remainder of the sessions.
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Table 4.3. Paired Contrast II. RECTANGLE versus PYRAMID.

RECTANGLE vs PYRAI~nD

R P
R 18 0
P 5 13

CHOICE
RECTANGLE VS SPHERE

R S
R 18 0
S 0 18

PYRAMID VS SPHERE

P S
P 18 0
S 0 18

Experiment 4. Paired Contrast III -- PYRAMID versus CUBE

The final paired contrast was a comparison of discriminability of the PYRAMID and

the CUBE. The SPHERE was recognized with perfect accuracy, thus fewer trials were

presented in which the SPHERE was the correct choice in order to present more contrasts

between the CUBE and the PYRAMID.

The outcome of this experiment is shown in Table 4.4. Matching accuracy, and

thus discrimination accuracy, of the PYRAMID and SPHERE was perfect, and near perfect for

discrimination between the CUBE and the SPHERE (X? (1) = 20.0 and 24.814, respectively).

However, the subject chose the PYRAMID on 46 out of 49 trials (94%) in which the

PYRAMID and CUBE were contrasted. Again, recall that the location of the correct choice

was fully counterbalanced, thus the subject could not have chosen any target with greater

than chance accuracy simply by responding to a specific location. Instead, these data

clearly indicate that the subject could discriminate between the PYRAMID and CUBE even

though the subject's responses were independent of sample identity (X? (1) = 0.295, p >

.05).In this case, the proportion of responses to the choice alternatives (46/49 to the

PYRAMID) is used as the measure of discrimination accuracy, which yields a d' of 2.19 for

the discrimination between the PYRAMID and the CUBE. The subject did not develop

behavioral bias towards responding to a particular position, as was the case in

Experiment 1 and the contrast of the RECTANGLE and CUBE (Experiment 2).
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Table 4.4. Paired Contrast III. PYRAMID versus CUBE.

CHOICE
CUBE VS PYRAMID CUBE VS SPHERE PYRAMID VS SPHERE

C P C S P S
C 2 26 C 17 2 P 13 0
P 1 20 S 0 13 S 0 7

Recognition of Geometric Forms

The results of the experiments described above suggest that the subject could

discriminate among the different geometric stimuli, and could readily discriminate a

SPHERE from the geometric targets. One interesting outcome of the paired contrasts was

the subject's perseverance in incorrectly responding to the CUBE when it appeared

alongside another geometric distractor. The subject's discrimination accuracy for trials in

which the CUBE was the sample tended to be high, which indicates that he could identify

the CUBE; however, he did not match it.

The data reported above were gathered using a 2A-DMTS paradigm. In this

paradigm, only two comparison stimuli were presented on any trial. The subject may

have been able to correctly identify the comparison that matched the sample by

discrimination, without necessarily being able to recognize the correct choice. A single

decision criterion on any stimulus feature would be significant. For example, the subject

might be presented with the SPHERE as the sample. The SPHERE, and perhaps the PYRAMID,

would be presented as comparison stimuli. The subject could solve this by a process of

elimination, i.e., "the echoes from the comparison on the left are not as loud as the echoes

from the sample, therefore the correct response is to the right" (Schusterman, 1992). This

example illustrates the general sort of exclusion rule that might be used in solving a task

with two response alternatives.

In the next experiment, the ability of the subject to recognize the targets was

assessed using a 3-altemative delayed matching-to-sample procedure (3A DMTS). The
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3A-DMTS procedure was utilized to get a better measure of the subject's recognition

accuracy for the geometric targets, which would allow more inferences to be made

regarding the internal representations of thetargets formed by the subject. The subject

may solve a two-alternative task with a same/different rule. However, the cue used by

the subject may be idiosyncratic to the stimulus pair being tested. When the subject must

choose from among three comparison stimuli, the probability that an arbitrary cue will be

effective across three stimuli is greatly reduced. This, in theory, forces the subject to

form a more complete representation of thestimuli that will allow the subject to

recognize the sample.

Experiment 5. Reintroduction ofthe 3A-DMTS Paradigm

The subject had considerable experienceworking in the 3A-DMTS paradigm

(e.g., Nachtigall et aI., 1985; Roitblat et aI., 1989a, 1990). However, Experiments 1-4

had utilized a two alternative procedure with responses only to the left or right. The

subject was retrained in the three alternativeprocedure prior to testing with the three

geometric stimuli. 3A-DMTS training was used to be sure that the subject would resume

using the middle comparison response which had not been presented during the 2A

DMTS experiments. The three stimuli thatwere chosen for retraining were the

RECTANGLE, PYRAMID, and SPHERE, based on the accurate responding to these stimuli in the

2A-DMTS paired contrast (Experiment 3).

Sessions were run until the subject's overall matching accuracy remained above

80% for three consecutive sessions. The subject quickly readapted to responding in the

three-alternative procedure. Matching accuracywas well above chance (X2 (4) = 176.93,

P < .01), presented in Table 4.5. Experiments 1 - 4 had demonstrated that the subject

could discriminate among the geometric targets; now, his ability to recognize the

geometric targets was tested in Experiment 6.



72
Table 4.5. Retraining the 3A-DMTS Paradigm.

CHOICE

SAMPLE
RECTANGLE

PYRAMID
SPHERE

RECTANGLE

35
o
2

PYRAMID

o
33
1

SPHERE

1
3

33

Experiment 6. Recognition ofGeometric Stimuli.

Data were collected until the subject's matching accuracy was stable across three

sessions. The subject reached a criterion of 75% correct responses for the RECTANGLE and

PYRAMID, and his responses to the CUBE were consistent. This required four sessions, a

total of 144 trials. The subject's responses from these sessions is summarized in Table

4.6. The data clearly show that the subject could recognize the geometric solids,

regardless of random horizontal rotations allowed by the swivel clips. The overall

pattern of choices significantly differed from chance (X2 (4) = 73.106, P < .01). Matching

accuracy for the RECTANGLE and PYRAMID was high (81% and 79% correct, respectively;

recall that chance in a 3-alternative task is 33%).

Although the dolphin could recognize the CUBE, he responded by choosing the

RECTANGLE on 30 of 48 (62.5%) trials in which the CUBE was presented as the sample.

Also, the subject made more confusions with the PYRAMID and RECTANGLE than was

observed in the pairwise contrasts. The explanation for this result is not clear. The

pairwise contrasts employed a 2A-DMTS procedure, requiring choice from two

alternatives. The 3A-DMTS task may place a higher cognitive demand on the subject

than a 2A-DMTS task, requiring the subject to recognize the stimuli in order to perform

the task. Alternatively, the three alternative task may have forced the subject to use

different cues to recognize the stimuli, and these cues may not have been sufficiently

salient to permit high rates of matching accuracy.
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Table 4.6. Accuracy of recognition of geometric stimuli.

CHOICE

SAMPLE
RECTANGLE

PYRAMID

CUBE

RECTANGLE
39
4
30

PYRAMID

1
38
10

CUBE

8
6
8

Discussion

The results of Experiment 1 suggest that the CUBE and the PYRAMID were

discriminable from the RECTANGLE, indicated by the high d' scores for these stimulus

pairs. The subject appeared to have had difficulty discriminating between the CUBE and

PYRAMID. This difficulty may have manifested itself in a behavioral bias towards

responding to one choice position on CUBE vs PYRAMID trials. The results of the first

paired contrast (Experiment 2) suggest that the dolphin confused the RECTANGLE and the

CUBE with one another, which conflicts with the data from Experiment 1. Neither

geometric target was confused with the SPHERE. The subject responded with a strong

position bias on CUBE versus RECTANGLE trials, again suggesting actual confusion between

the identity of the targets. The results of the second paired contrast (Experiment 3)

strongly suggest that the dolphin could readily discriminate among the PYRAMID,

RECTANGLE and SPHERE.

The outcome of the contrast between the CUBE and the PYRAMID in Experiment 4

was surprising, given that the results of Experiment 1 suggested that the CUBE and

PYRAMID were not readily discriminated. The subject's discrimination accuracy, as

measured by d' scores, suggests that the CUBE and PYRAMID could be discriminated.

Further evidence for this conclusion is the lack of a behavioral position bias during

Experiment 4. These results support the speculation that the subject's behavior position

bias was a response to difficult (unsolvable) discriminations.
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The subject's responses in Experiment 6, in which a 3A-DMTS procedure was

used, clearly demonstrate that he could recognize the geometric targets. As in

Experiment 1 (in which the discriminability of the geometric targets was assessed using a

2A-DMTS task), the subject chose the RECTANGLE on the majority of trials in which the

CUBE was presented as the sample. The subject did not display significant biases in

responding to any particular choice position.
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CHAPTER 5. ACOUSTIC ANALYSES

This investigation was based on the assumption that the dolphin's ability (or

inability) to recognize the geometric targets was a function of the dolphin's ability to

identify correctly the characteristic acoustic properties of the echoes reflected from each

object. Thus, recordings of Rake's echolocation clicks and echoes from the targets were

made throughout the course of this investigation. Up to 100 clicks and echoes were

collected on most trials of every session, resulting in a large database of digitized

waveforms available for analysis. Echoes were collected only from the sample stimulus

when the 2A-DMTS paradigm was used, and clicks and echoes were collected from both

the sample and center comparison stimuli when the 3A-DMTS paradigm was used.

Table 5.1 summarizes the sample size for each target in each experiment.

The raw digitized waveforms were stored on floppy disks. The data were

prepared for analysis as follows. Each digitized click and the associated echo were read

into computer memory. The echoes required preprocessing due to the presence of high

amplitude narrow band noise that could not be eliminated from the recording system.

The noise appeared as narrow peaks located at approximately 12.5 and 25 kHz, and had

to be filtered from the echo waveform and FFT prior to making acoustic measurements.

The noise was removed prior to analysis because the amplitude of the noise was greater

than the amplitude of the target echoes. The presence of noise, then, would have (a)

falsely increased the measured echo amplitude and (b) shifted the center frequency of the

echo downward. The frequency bins corresponding to these frequencies were set to be

equal to the average of the two bins on either side of the peak. The filtered echo

waveform was then recovered by inverse FFT.

The number of clicks and average and standard deviation of the amplitude (EFD),

center frequency (Fe) and RMS bandwidth (~w) for each trial were recorded. No

recordings were possible in the 2A-DMTS procedure used in Experiments 1-4, but
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recordings of echoes from the sample were available for all experiments. Thus, only the

data recorded from the sample stimuli were used in the following analyses.

Table 5.1. Summary of Acoustic Samples.

Experiment Stimulus N Echoes

Initial Probe
Sample Only RECTANGLE 1146

CUBE 1223
PYRAMID 1290

Paired Contrast I
Sample Only RECTANGLE 1922

CUBE 2533
SPHERE 833

Paired Contrast II
Sample Only RECTANGLE 1546

PYRAMID 2158
SPHERE 610

Paired Contrast III
Sample Only CUBE 1497

PYRAMID 1164
SPHERE 568

3A-DMTS Retraining
Sample RECTANGLE 1675

PYRAMID 1747
SPHERE 653

Comparison RECTANGLE 429
PYRAMID 1056
SPHERE 711

3A-DMTS Recognition
Sample RECTANGLE 1846

PYRAMID 1587
CUBE 1948

Comparison RECTANGLE 478
PYRAMID 1180
CUBE 845

Description of the Dolphin's Echolocation Clicks

The subject may have learned to alter his echolocation clicks as a function of the

target type. Thus, the data from each experiment were analyzed in separate univariate

one-way ANOVAs using PROC GLM (SAS Institute, 1989) in which the number of
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clicks, EFD, Fe, and f3w of clicks were used as dependent variables and target identity

was the independent variable. Post hoc tests of difference of means were explored using

Tukey's Studentized Range Test with alpha set at .05.

Nwnber ofClicks.

The subject emitted different numbers of clicks to the different targets. This

effect was observed in Experiments 2 - 5, in which the stimulus set consisted of two

geometric stimuli and the SPHERE. In contrast, no significant differences in the number of

clicks were observed in Experiment 1 and 6, in which the three geometric stimuli were

compared. The subject emitted an average of 53.8 clicks per trial to each target in

Experiment 1, and 49.8 clicks to each target in Experiment 6.

Post hoc comparisons showed significant differences in the number of clicks

among all three targets in Experiment 2 and 3. In Experiment 2, the dolphin emitted an

average of 70.36 clicks to the CUBE, 53.39 clicks to the RECTANGLE, and 23.8 clicks to the

SPHERE (F(2, 104) =37.53, P < .0001). In Experiment 3, the dolphin emitted an average

of 61.65 clicks to the PYRAMID, 42.94 clicks to the RECTANGLE, and 17.69 clicks to the

SPHERE (F(2, 104) =43.03,p< .0001).

In Experiments 4 and 5, significantly more clicks were emitted to the geometric

targets than to the SPHERE, but the effect was not robust (R2 = 0.085 and 0.286,

respectively). However, the trend of the effect is similar to that of Experiments 2 and 3,

with about twice as many clicks emitted to the geometric targets as to the SPHERE. When

the data were dichotomized as clicks to either a geometric target or the SPHERE, significant

post hoc comparisons revealed that an average of 50.91 clicks were emitted to the

geometric targets, more than twice the number emitted to the metal SPHERE (21.62 clicks).

The number of clicks emitted may be taken as a measure of uncertainty about

target identity (see Roitblat et aI., 1990), thus increased click emission represents an

effort on the part of the dolphin to collect enough information to identify a target. The
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dolphin emitted the fewest clicks to the SPHERE, suggesting that the SPHERE was most

easily identified of the targets. The ease with which the dolphin identified the SPHERE

may be explained by his familiarity with the SPHERE (see, for example, Roitblat et aI.,

1990), as compared to the relative novelty of the foam targets. If the geometric targets

are ranked by the number of clicks to the sample, the RECTANGLE appears to have been

most readily identified because the dolphin emitted the fewest clicks to the RECTANGLE.

The subject emitted roughly the same numbers of clicks to the PYRAMID and CUBE, which

suggests that they were somewhat difficult to identify.

C lick Amplitude.

The amplitude of the dolphin's clicks did not vary among the targets in any of the

experiments. Target identity never explained more than 19% of the variance in click

EFD (R2 never exceeded 0.19 for any experiment). The overall mean click EFD was

131.71 dB. The narrow range of mean EFD among the targets (about 2 dB) does not

represent a large difference in the amplitude.

Center Frequency ofClicks.

Differences in the trial average click Fe among the targets was examined for each

experiment. No significant differences in the click Fe to the different targets were

observed in the first five experiments, as R2 values never exceeded 0.2. Qualitatively, the

Fe of his clicks declined slightly across the six experiments from a mean of 85.29 kHz in

Experiment 1 to 82.77 kHz in Experiment 5. However, significant differences in the

click Fe were observed in Experiment 6 (F(2, 105) = 27.54,p < .01), in which the

subject's ability to recognize the stimuli was assessed using the 3A-DMTS procedure. In

Experiment 6, the average Fe of clicks emitted to the RECTANGLE was 82.72 kHz, similar

to levels observed in prior experiments. In contrast, the Fe of clicks emitted to the

PYRAMID and CUBE dropped significantly, declining to a mean of 76.3 kHz.
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The decrease in the center frequency of clicks observed in Experiment 6

suggested that the dolphin may have been altering the acoustic structure of his clicks in

response to different target sets. If the subject changed the center frequency of his clicks

as a function of the target identity, then the Fe should change within each click train as

the subject received and acted on target information derived from echoes from the first

few clicks in the click train. This would appear as a significant interaction between target

identity and click number in a multiple regression. This hypothesis was tested using the

Fe of the first 20 clicks in each trial from the 3A-DMTS recognition experiment. The

outcome was very clear -- no significant interaction was observed between the target

identity and click number, which demonstrated that the subject did not change click Fe as

a function of information received in the echo during the course of a click train. The

explanation of why the center frequency dropped in Experiment 6 remains unknown.

RMS Bandwidth ofClicks.

The RMS bandwidth of clicks did not change as a function of target identity in

any experiment. Click bandwidth ranged from 37.38 to 37.8 kHz across the four target

types. These differences, less than 1 kHz, are smaller than the resolving power of the

frequency analysis, which had a bandwidth of 1.95 kHz. Thus, the best estimate for click

f3w was 37.63 kHz regardless of target identity.

The data suggest that the dolphin did not change the amplitude or frequency

structure of his clicks as a function of the target on which he was echolocating. Although

statistically significant differences in click Fe were observed, the dolphin did not appear

to have been "intentionally" altering the Fe as a function of target type. Thus, an average

Fe was obtained by pooling the data from all six experiments, which yielded an average

center frequency of 83.45 kllz for the dolphin's clicks. A representative click and its FFf

is shown in Figure 5.1.



80
120

80
20 fLsec

CD 40 .,..-------,.
"'C
::J
~ 0
a.
E
-c -40

-80

-120

0

-5

m -10
"'C

CD -15
>
~-20

CD
0:::: -25

-30

-35
0 20 39 59 78 98 117 137 156 176 195

Frequency (kHz)

Figure 5.1. Typical echolocation click waveform and FFr. This was click number 13 in
a click train emitted to the sample (rectangle) on 20 October 1992. It was selected to
illustrate the time and frequency structure of Rake's echolocation clicks. The duration of
the click was approximately 25 msec. The total energy was 132 dB re 1 re 1 I!Pa2-sec,

with a center frequency of 83.11 kHz and an RMS bandwidth of 36.29 kHz.

Description of the Target Echoes

The results described above suggest that the dolphin did not solve the

discrimination task by altering the acoustic structure of his echolocation clicks in

response to different targets. Thus, his ability to recognize the targets must have been a

function of differences in the acoustic structure of echoes from the different targets. I

examined the variation in EFD, Fe and ~w of echoes as a function of target identity for
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each experiment in order to identify differences in acoustic structure that may have

yielded discrimination cues to the dolphin. I first conducted separate multivariate

analyses of variance (MANOVA) for each experiment, using PiIIai's Trace (henceforth,

PT; Tabachnik & Fidel, 1989). The outcome of the MANOVA addresses the simple

question of whether the relationship between target identity and the set of acoustic

variables was signficant. If the MANOVA was signficant, I then used univariate

ANOVAs to identify which of the acoustic properties of the echoes was signficantly

correlated with target identity.

Experiment 1. RECTANGLE -- PYRAMID -- CUBE.

The combination of EFD, Fe, and f:lw was signficantly correlated with target

identity in Experiment 1 (PT = 0.530; F(6, 128) = 7.7,p < .0001). No significant

variability in echo amplitude among the geometric targets was observed, with a mean of

83.2 dB re 1J-tPa2-sec for any target. The mean f:lw for the targets was 36.76 kHz, with

no significant differences observed among the targets. In contrast, the center frequency

of echoes varied significantly among the targets (F(2, 65) = 22.16, P < .0001). Post hoc

comparison of means showed significant differences in Fc among all three targets. The

RECTANGLE had the highest Fe (84.9 kHz), followed by the CUBE (81.3 kHz). Fe of

PYRAMID echoes was significantly lower, with a mean of 78.2 kHz.

Experiment 2. RECTANGLE -- CUBE -- SPHERE.

The MANOVA revealed a signficant relationship between the EFD, Fe, and f:lwof

the target echoes and target identity (PT = 1.245; F(6, 206) = 56.65,p < .0001). The

average amplitude of echoes from the RECTANGLE and SPHERE was 82.32 dB, more than 5

dB higher than the amplitude of CUBE echoes (F(2, 104) =36.43, P < .0001). The Fe of

the SPHERE was significantly higher than those of the geometric targets (F(2, 104) = 41.04,

P < .0001). The average SPHERE Fe was 88.1 kHz, as compared to 81.75 kHz for the

geometric targets. RMS bandwidth also varied significantly among the targets (F(2, 104)
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=202., P < .0001). Post hoc comparisons showed that SPHERE ~w was 4 kHz narrower

than that of the geometric targets (33.2 kHz and 37.5 kHz, respectively).

Experiment 3. RECTANGLE -- PYRAMID -- SPHERE.

The combination of EFD, Fe, and ~w was signficantly correlated with target

identity (PT =1.523; F(6, 206) =109.79,p < .0001). Significant differences in echo

amplitude were observed in Experiment 3 (F(2, 104) =117.4, P < .0001). Post hoc

comparisons showed that the mean EFD for all three targets differed significantly.

Echoes from the RECTANGLE were loudest (86 dB), and the PYRAMID returned echoes with

the lowest EFD (76 dB); the SPHERE returned echoes with intermediate EFD (83 dB). The

Fe varied significantly among the targets (F(2, 104) =23.79,p < .0001). Post hoc

comparisons revealed that the Fe of the SPHERE (89.8 kHz) was significantly higher than

that of the geometric targets (82.9 kHz), but that no significant differences existed

between the geometric targets. Echo f3w varied significantly (F(2, 104) = 133.92,p <

.0001) among the targets. PYRAMID echoes had the widest ~w (39 kHz), close to those of

the RECTANGLE (37.4 kHz). SPHERE f3w was narrowest (33.9 kHz), roughly 4 kHz below

that of the geometric targets.

Experiment 4. PYRA~D--CUBE--SPHER&

The MANOVA revealed a signficant relationship between the EFD, Fe, and ~w of

the target echoes and target identity (PT =1.121; F(6, 172) =36.54, P < .0001). The EFD

of echoes from the SPHERE were significantly higher (86.9 dB) than those of the geometric

targets (78.2 dB) (F(2, 87) = 200.6, P < .0001). Similarly, the Fe of echoes from the

SPHERE was significantly higher (96.8 kHz) than the Fe of the geometric targets (86.7

kHz) (F(2, 87) = 56.26, P < .0001). The same pattern was observed for ~w, with the ~w of

SPHERE echoes significantly lower (33.8Id-Iz) than that of the geometric targets (38.6

kHz) (F(2, 87) = 228.21, P < .0001).
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Experiment 5. RECTANGLE -- PYRAMID -- SPHERE.

The combination of EFD, Fe, and (3w was significantly correlated with target

identity (PT =1.251; F(6, 206) =57.33, P < .0001). The RECTANGLE and SPHERE returned

echoes with EFD significantly higher (81 dB) than the PYRAMID echoes (74 dB) (F(2, 104)

= 17.61, P < .0001). The Fe of SPHERE echoes was significantly higher (88.9 kHz) than

the Fe of echoes from the geometric targets (79.3 kHz). As in Experiment 3, (3w varied

significantly among all three targets (F(2, 104) = 44.69,p < .0001). PYRAMIDechoes had

the largest (3w (36.9 kHz), close to but significantly higher than those for the RECTANGLE

(35.3 kHz). The (3w of SPHERE echoes was about 3 kHz lower (32.8 kHz) than that of the

geometric targets.

Experiment 6. RECTANGLE -- PYRAMID -- CUBE.

The MANGVA revealed a signficant relationship between the EFD, Fe, and f3w of

the target echoes and target identity (PT =0.664; F(6, 208) =17.22,p < .0001). The EFD

of echoes from the RECTANGLE was significantly higher (85 dB) than the echoes from the

PYRAMID or the CUBE (79 dB) (F(2, 105) = 40.14, P < .0001). No differences were

observed in the Fe among the targets, with an average Fe of 71.9 kHz regardless of target

identity. The f3w varied significantly, with the f3w of PYRAMID echoes higher than that of

the RECTANGLE and CUBE (F(2, 105) = 5.14, P < .01). However, the differences among the

targets was not robust (a2 =0.089). The difference in (3w between the PYRAMID and the

other targets was only 2 kHz, which is negligible because it is approximately equal to the

accuracy of frequency resolution in these analyses (1.95 kHz). Thus, the RMS

bandwidth of the geometric targets in Experiment 6 was approximately 40 kHz.

The results of these analyses are presented in Table 6.2. The center frequency of

geometric target echoes was equal in all but Experiment 1; the Fe of the SPHERE, in

contrast, was consistently higher than that of the geometric targets. The RMS bandwidth

of SPHERE echoes was smaller than the bandwidth of the geometric targets, and PYRAMID

echoes tended to have the highest bandwidth. The amplitude of echoes from the SPHERE
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and RECfANGLE was higher than the amplitude of echoes from the PYRAMID and CUBE. This

result is interesting, given that the geometric targets had planar faces of equal surface

area, which should have equated the echoes on amplitude.

Table 6.2. Summary of Acoustic Differences among Targets.

Parameter F p R2 Tukey Post hoc Grouping

Expenment 1. dt - 2, 65

EFD 0.27 .7638 .008 R-C-P
Fe 22.16 .0001 .405 R>C>P
~w 1.77 .1792 .051 R=C=P

Experiment 2. df - 2, 104

EFD 36.43 .0001 .412 S-R>C
Fc 41.04 .0001 .441 S>R=C
~w 202. .0001 .795 S<R=C

Experiment 3. df - 2, 104

EFD 117.4 .0001 .693 P<S<R
Fc 23.79 .0001 .314 P=R<S
~w 133.92 .0001 .720 P>R>S

Experiment 4. df - 2, 87

EFD 200.6 .0001 .822 S>C-P
Fc 56.26 .0001 .564 S>C=P
~w 228.21 .0001 .839 S<P<C

Experiment 5. df - 2,104

EFD 17.61 .0001 .253 S=R>P
Fc 41.44 .0001 .443 S>R=P
~w 44.69 .0001 .462 S<R<P

Experiment 6. df = 2, 105

EFD 40.14 .0001 .433 R>C=P
Fe 1.40 .250 .026 R=C=P
~w 5.14 .007 .089 R=C<P

C - CUBE; P - PYRAMID; R - RECTANGLE; S = SPHERE

Highlight Structure.

The first 20 echoes of a click train from each target are presented in Figures 5.3 to

5.6 as an example of how echoes and their spectra can change from click to click. The

data have been normalized by dividing the amplitude of
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Figure 5.3. A sample train of 20 echoes from the SPHERE. The first echo in the train is at
the top, and echo number 20 is at the bottom. The echo waveforms are shown in the top
panel, and their FFTs are shown in the bottom panel.
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Figure 5.4. A sample train of 20 echoes from the RECTANGLE. The echo waveforms are
shown in the top panel, and their FFfs are shown in the bottom panel.
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Figure 5.5. A sample train of 20 echoes from the PYRAMID. The echo waveforms are
shown in the top panel, and their FFTs are shown in the bottom panel.
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Figure 5.6. A sample train of 20 echoes from the CUBE. The echo waveforms are shown
in the top panel, and their FFfs are shown in the bottom panel.
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each point by the maximum, thus comparison of amplitudes across echoes is not valid.

Relative movement of the target toward or away from the dolphin appears in the echo

waveforms as shift in time. The speed of sound in water at the study site was

approximately 1540 m/sec, thus a highlight shift of 1 usee between two successive

waveforms indicates that the target moved 3.1 mm relative to the dolphin between two

successive clicks. Shifts in time do not affect the absolute value of the FFT. For

example, Figure 5.3 shows a train of echoes collected from the SPHERE. The echoes shift

slightly to the left, which indicates that the sphere was swaying slightly closer to the

dolphin over the course of the click train; the FFTs, however, remain essentially

unchanged and the rippled spectra characteristic of spheres is apparent in all 20 FFTs.

Notice that the echoes from the RECTANGLE shown in Figure 5.4 are fairly homogeneous,

with a fairly consistent interval between the first and second highlight that gives rise to

an inter-highlight interval peak at 15 JASec. Compare Figure 504 with 55 and 5.6. The

echoes from the PYRAMID and CUBE definitely are more variable than those for the

RECTANGLE.

Echoes from the SPHERE were characterized by two highlights. However, notice in

Figure 5.3 that the absolute time at which the highlights occurred varied across the echo

train. In contrast, the consistency from echo to echo in the time separationbetween the

first and second highlights of SPHERE echoes can clearly be seen in Figure 5.3. Thus, I

used the duration of inter-highlight interval (IHI) as the measure by which I compared the

targets, as it would remain stable with regard to shifts in time but would indicate changes

in target orientation. These data are presented in Figure 5.7, which shows the number of

observations as a function of the IHI duration, for each target. The IHI for the SPHERE

resulted in the very narrow peak at 60 ~ec as shown in Figure 5.7 and is characteristic of

a rigid aspect-independent structure. In contrast, changes in the shape of the waveform,

e.g., changes in the number of highlights or change in the separation time between
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highlights, is suggestive of rotation by the target. I showed in Chapter 3 that the number

and structure of echo highlights varied systematically as a function of target orientation

for all three geometric targets. Changes in the orientation of all three geometric shapes

are visible as changes in highlight structure and associated changes in the spectra.
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Figure 5.7 Distributions of the inter-highlight intervals for the four target types. The Y
axis is the number of observations of a given IHI. The X axis is IHI duration in JASec.
High variability in the echo highlight structure from echo to echo appears as a moderately
broad peaks for PYRAMID and CUBE in this Figure. The narrow peak of the inter-highlight
interval distribution for the SPHERE, and relatively narrow peak for the RECTANGLE,

indicates low variability in the highlight structure of each echo.
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Comparing Target Classification by the Dolphin with Two Computational Models

Two target classification systems, an Integrator Gateway Network (Roitblat et aI.,

1991; Moore et al., 1991) and a Linear Discriminant Analysis, were compared to the

dolphin's matching accuracy in Experiment 6, the 3A-DMTS test of recognition. The

Linear Discriminant Analysis was selected as representative of a traditional linear

statistical model of target classification. The Integrator Gateway Network was used as a

system that may be considered more similar computationally to that of the dolphin. For

example, the use of echo spectra in neural net analyses is modelled on the functional

anatomy of the mammalian cochlea, which extracts a spectral representation of incoming

acoustic signals. Moreover, the Integrator Gateway Network (IGN) was created as an

explicit model of dolphin echolocation behavior (Roitblat et aI., 1991; Moore et aI.,

1991). Dolphins emit multiple clicks when they echolocate targets, perhaps in an attempt

to accumulate sufficient information for target recognition. Analogously, the ION

computes a running average of the spectra from successive echoes of a given target

(Roitblat et aI., 1991; Moore et aI., 1991). The computation of a running average

attenuates the effects of random noise and may enhance the presence of target-related

features in the echo spectra, which increases the classification accuracy of the ION as

compared to other neural network architectures.

Recognition Accuracy oftheEcholocating Dolphin.

The computational models were compared to the dolphin's pattern of choices in

Experiment 6, presented in Table 5.2. Systems that produced similar patterns of

discrimination accuracy and errors were considered potential models of the

psychophysical processes underlying the dolphin's discrimination performance. The

classification patterns of the computational models were compared with chi-square tests,

using the dolphin's responses as the expected distribution of responses against which the

accuracy of the artificial systems was compared.
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Table 5.2. Confusion Matrix for the Echolocating Dolphin.

SAMPLE
RECTANGLE

PYRAMID

CUBE

RECTANGLE

29
4
22

CHOICE
PYRAMID

o
26
8

CUBE

7
6
6

Classification Accuracy ofaNeuralNetwork.

An Integrator Gateway Network (Roitblat et aI., 1991; Moore et aI., 1991) was

trained to classify the geometric targets using 30 bins of spectral information, 3.91

kHzlbin, spanning the range of 31.25 to 148.4 kHz as the input. The IGN was

constructed with 30 input bins, 15 units in the feature layer, and 3 output bins (one each

for the RECTANGLE, PYRAMID, and CUBE). Amplitude was expressed in relative units with a

range of 0 to 1. The network was trained with the first 10 echoes from 12 trials of each

target type (36 trials, a total of 360 echoes). Training trials were selected randomly from

the set of all trials in Experiment 6, and were presented in random order with regard to

trial identity and target identity. The IGN was trained until RMS error was reduced to a

criterion of 0.05.

The IGN was then tested with the set of all trials from Experiment 6, a total of

5,329 echoes in 108 trials. The "choice" made by the IGN was determined using a

confidence ratio for each target class for each echo, defined as the activation value of a

given output element (target class) divided by the sum of all activation values.

Confidence ratios were computed successively for each echo; if the confidence ratio for

any output class reached 0.96, then target identity was assumed to belong to that output

class and the next trial began.



93

Table 5.3. Confusion Matrix for the Integrator Gateway Network.

SAMPLE
RECTANGLE

PYRAMID
CUBE

RECTANGLE

24
2
7

CHOICE
PYRAMID

7
24
7

CUBE

5
10
22

The choice pattern of the network is shown in Table 5.3. The IGN correctly

classified all three targets on the majority of trials (X2 (4) = 49.04,p < .01). Importantly,

the frequency of correct classifications of the CUBE by the IGN was significantly better

than the dolphin, which resulted in a pattern of responses significantly different from

those produced by the dolphin (:x;2 (4) = 71.73,p < .01). When the dolphin's matching

bias towards the CUBE was statistically controlled without changing the value of d', no

significant differences remained between the dolphin and the neural network (X2 (4) =

5.54, P > .05),which indicates that the discrimination performances were comparable.

Classification Accuracyby a Linear DiscriminantAnalysis.

A Linear Discriminant Analysis was run using PROC DISCRIM (SAS Institute,

1989a) with trial averages of EFD, Fe and ~w of target echoes. On the basis of these data,

the LDA produced an equation that mapped the set of acoustic variables into three

linearly separable classes. The effectiveness of the LDA was assessed by using the same

trial average acoustic variables from each of the trials of Experiment 6. The data were

resubstituted into the LDA and their classification was determined based on posterior

probability of class membership. This method of classification is analogous to the

method described above by which the classification of a target by a neural network is

determined. The target category with the highest posterior probability of membership

was considered to be the "choice" made by the LDA.
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Table 5.4. Confusion Matrix for the Linear Discriminant Analysis.

CHOICE
RECTANGLE PYRAMID CUBE

RECTANGLE 25 4 7
SAMPLE PYRAMID 0 29 7

CUBE 3 10 23

The classification performance of the LDA is presented in Table 5.4. The LDA reliably

discriminated all three targets using information contained in the amplitude, center

frequency, and RMS bandwidth of the clicks and echoes. Accuracy was well above

chance (X} (4) = 110.82, P < .01). The LDA clearly outperformed the dolphin, as shown

by comparing Tables 5.2 and 5.4. Recognition accuracy of the dolphin and the LDA

were comparable for the RECTANGLE and the PYRAMID. In contrast, while the LDA

successfully classified the CUBE on 64% ofthe trials, the dolphin classified the CUBE as the

RECTANGLE on 62% of the trials. Because of the divergence in classification accuracy for

the CUBE, matching accuracy of the LDA was significantly different from the dolphin (X2

(4) =70.14,p < .01). No signficant differences existed between the performance of the

LDA and the dolphin after statistically controlling for the dolphin's matching bias

towards the CUBE (X2 (4) = 7.11,p > .05), which indicates comparable discrimination

accuracy of the LDA and the dolphin.

Discussion

The results presented in Chapter 4 showed that the dolphin was able to

discriminate among all four targets. His responses suggested good discrimination, even

though he did not always choose the comparison stimulus that matched the sample. The

dolphin rarely made confusions between the SPHERE and the geometric stimuli. The

amplitude, center frequency, RMS bandwidth, and inter-highlight intervals of echoes

from the SPHERE were significantly different from those of the geometric targets, making
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the SPHERE very discriminable. However, the echoes from the geometric targets did not

differ among themselves along as many of the measured dimensions as they differed

from the SPHERE, which may explain the difficulties experienced by the dolphin in

matching the geometric targets.

One important methodological point should be noted that explains the different

amplitude relationships among the targets collected in the test pool versus those collected

under natural conditions. The PYRAMID was held with the planar face vertical during the

data collection in the test pool. In collecting the data with the dolphin, however, the

PYRAMID was suspended from its apex, thus its sides were tilted 30° off vertical. This

resulted in echoes of lower amplitude from the PYRAMID collected during testing with the

dolphin as compared to those collected in the test pool.

The Integrator Gateway Network learned to classify the targets using FFfs of

target echoes. The IGN was as accurate as the dolphin for the RECTANGLE, and was more

accurate than the dolphin in correctly identifying CUBE echoes. However, the IGN made

more errors to the PYRAMID, mistakenly classifying it as the CUBE. The IGN was

constructed to classify the targets using 30 input bins of echo spectra of constant

bandwidth. In contrast, the frequency discrimination abilities (Thompson & Herman,

1975) and critical bandwidth (Au & Moore, 1990) of Tursiops auditory system can be

approximated by a system of frequency bands (i.e., filters) that increase in width as the

center frequency increases (constant-Q filters). Preprocessing the input spectra with a

bank of constant-Q filters may bring the classification performance of the next generation

of neural network models closer to that of dolphins (Au, 1992; Roitblat et al., 1993).

The results for the Linear Discriminant Analysis were nearly identical to that of

the IGN. The LDA derived a linear discriminant function using the average EFD, Fe and

~w of echoes for each trial. Classification accuracy was high for the RECTANGLEand

PYRAMID, and was superior to the dolphin in classifying CUBE echoes. Qualitatively, both
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models misclassified the PYRAMID more times than did the dolphin, classifying it as the

CUBE. When the dolphin's matching bias towards the CUBE was statistically controlled

without changing the value of d', no significant differences remained between the dolphin

and the computational models Thus, while differences in matching accuracy were

observed, the discrimination accuracy of the computational models was comparable to

the dolphin.

Comparison of the computational models with the performance of the dolphin

suggest that the geometric targets could be recognized using two different types of data,

echo spectra and summary measures of the spectra. The echoes from the targets

contained sufficient information for target recognition; the question remains open as to

why the dolphin persisted in misclassifying the CUBE in spite of his ability to discriminate

it from the PYRAMID and RECTANGLE.
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CHAPTER 6. GENERAL DISCUSSION

The results indicate that the dolphin could recognize the SPHERE, RECTANGLE,

PYRAMID and CUBE even though target orientation was free to vary. Table 6.1 is a

summary of the dolphin's performance when the results of all six experiments were

pooled. The confusions between the PYRAMID and the CUBE in Experiment 1 and between

the RECTANGLE and the CUBE in Experiment 2 were excluded because they are

uninformative. The X2 tests of independence are measures of the dolphin's matching

accuracy, and a nonsignificant X2 does not imply an inability to recognize the targets.

The dolphin's ability to recognize the targets, clear in the systematic pattern of responses,

is confirmed by values of d' greater than one for all pairwise target combinations.

Two types of confusions were manifest in the subject's responses. When the

comparison stimuli were not easily discriminated, the dolphin displayed a position bias

and choices that were essentially randomly distributed among the comparison stimuli.

This type of confusion appeared between the PYRAMID and the CUBE in Experiment 1 and

between the RECTANGLE and the CUBE in Experiment 2. A second type of confusion was

typified by high discrimination accuracy but responding independent of the sample. This

appeared in Rake's consistent but nonmatching choices when the CUBE was the sample. In

these cases the subject appeared to have a strong decision bias affecting his choices

(Swets, 1964). Decision biases affect the probability that a subject will choose a specific

comparison stimulus, independent of the subject's ability to discriminate among the

response alternatives. Bias can be manipulated in various ways, including asymmetric

payoff probabilities or payoff magnitudes (Swets, 1964). Precautions were taken to

reduce the possibility of introducing biases inadvertently. Correct choices were always

rewarded with two smelt, and stimulus combinations were fully counterbalanced. The

subject's high discrimination accuracy does not suggest a conservative decision criterion

nor apathy towards solving the discriminations (c.f. Schusterman, Kersting & Au, 1980).
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Instead, he appeared to have maintained an idiosyncratic response bias towards the CUBE

in spite of being able to recognize it.

Table 6.1. Summary of the Dolphin's Discrimination Accuracy.

GEOMEI1UC versus SPHERE •

CHOICE
GEOMEI1UC SPHERE

GEOMETRIC 151 7
SPHERE 3 158

x? =280.418,p < .01 d' =2.62

RECTANGLE versus PYRAMID

CHOICE
RECTANGLE PYRAMID

RECTANGLE 102 3
PYRAMID 18 85

x? =135.202,p < .01 d' =1.81

RECTANGLE versus CUBE

RECTANGLE

CUBE

'1..2 = 0.477,p > .05

PYRAMID

CUBE

'1..2 = 2.499,p > .05

CHOICE
RECTANGLE CUBE

51 9
40 10

d' = 1.32

PYRAMID versus CUBE

CHOICE
PYRAMID CUBE

58 7
36 10

d' = 1.47

The pattern of Rake's choices may have resulted from his focusing on a set of

acoustic dimensions specific to each discrimination problem. For example, the results

indicate that the dolphin could reliably recognize the SPHERE. The echoes generated by

the SPHERE were extremely stable in part because spheres are aspect-independent. The

SPHERE was distinctly different from the geometric targets in many ways, having
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significantly different number of highlights, inter-highlight intervals, amplitude, center

frequency, and bandwidth than those of the geometric targets. This multivariate

difference between the SPHERE and the geometric targets was reflected in the almost total

lack of errors made between these two target classes. The dolphin may have applied a

hierarchy of decision rules that were a function of the identity of the targets being

compared. On trials in which the SPHERE appeared as one comparison alternative, the

dolphin could have solved the discrimination task by an exclusion rule, either "Go to the

SPHERE position" or "Go to the position where the SPHERE isn't." This rule is identical to

one that may have been used by a Tursiops asked to discriminate cylinders made of

different materials presented at different angles (Au & Turl, 1991) in a same/different

task, which also can be solved using an exclusion rule.

The data do not support the hypothesis that the dolphin was making decisions

along a simple univariate scale, such as ranking the targets by amplitude, because the

dolphin discriminated targets that appeared to be acoustically "identical" based on the

outcome of the statistical analyses presented in Chapter 5. No significant differences

were observed in the amplitude of echoes from the CUBE and PYRAMID, yet the subject was

able to discriminate between these targets in Experiments 1, 4 and 6. The ~w of CUBE and

RECTANGLE echoes was similar, yet the subject discriminated these targets in Experiments

1 and 6. The distribution of inter-highlight intervals of echoes from the CUBE and PYRAMID

appeared to be very similar, or, at least, quite different from the highlight structures of the

RECTANGLE and SPHERE. However, the subject was able to discriminate the CUBE and the

PYRAMID, which suggests that the subject may not have been using inter-highlight

intervals as his only discriminatory cue.

The classification accuracy of the Linear Discriminant Analysis and the Integrator

Gateway Network revealed some interesting differences between the computational

models and the dolphin's choices that may shed some light on the representations formed
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by the dolphin. The LOA was more successful than the dolphin in correctly classifying

the targets, given averaged information about the amplitude, center frequency and RMS

bandwidth of the target echoes. This outcome suggests that the acoustic features of the

targets could be separated in a linear representation space. The majority of errors made

by the dolphin were made when the CUBE was the sample, and the majority of erroneous

responses were made to the RECTANGLE. In contrast, the LOA made the majority of errors

by choosing the CUBE when the PYRAMID was the sample. The IGN had successfully

learned to classify the targets using echo spectra, and produced a pattern of responses that

were similar to that of the LOA. The IGN was more successful than the dolphin in

correctly classifying CUBE echoes, but misclassified the PYRAMID as the CUBE.

The geometric targets could be reliably classified by the LOA and the IGN. The

matching accuracy of both systems was superior to the dolphin's, and qualitatively both

systems tended to erroneously classify the PYRAMID as the CUBE, a pattern of confusions

that may have been a function of the strong similarity in the amplitude and spectra of the

two. The computer systems formed representations of the geometric targets based on the

acoustic structure of the target echoes. Qualitatively, the LOA performed slightly better

than the neural net, a somewhat surprising result given the fact that the LOA was trained

using trial-average acoustic parameters and the IGN was trained using more the more

detailed spectra from trains of echoes. The success of the LDA indicates that the

geometric targets could be separated and ranked in a linear space of low dimensionality

according to some combination of their amplitude, center frequency and RMS

bandwidth.

I speculate, based on the limited set of stimuli used in the study, that the

difference between the performance of the computational models and the dolphin is

indicative of a difference in the target representations derived by each system. The

computational models derived target representations that were wholly based on the
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acoustic properties of the target echoes. Representation of acoustic properties alone

resulted in the confusions between the PYRAMID and CUBE, which could be predicted from

the similarities in amplitude, center frequency, bandwidth, and distribution of inter

highlight intervals for these two targets. In contrast to the performance of the

computational models, the dolphin discriminated the CUBE and PYRAMID. The dolphin may

have been using acoustic variables that I did not identify to guide his choices, or he may

have formed representations of the geometric targets that contained information about

target identity that was independent of simple acoustic properties of the target echoes.

The computation of a discriminant function to separate categories, described

above, is analogous to biosonar information processing that occurs on cortical maps in

bats (and probably dolphins). Cortical maps are ordered arrays of neurons in which some

information bearing parameter, such as delay between an echolocation pulse and return

echo, is systematically expressed in the anatomical location of neurons responding to

different values of that parameter. Suga (e.g., 1988, 1990) has described separate cortical

maps for echolocation in the brain of mustached bats Pteronotusparnellii along which

amplitude, echo delay, and Doppler shift are represented. Dolphins probably also

represent information bearing parameters such as echo delay (interpreted as target range),

amplitude, and echo spectra on cortical maps. The "discriminant analysis" performed in

the cortext constructs a curvilinear function that weights acoustic parameters extracted

from echoes in such a way as to maximally separate the function value for different

categories of targets that produced the echoes.

If dolphins were to represent directly the acoustic structure of echoes, then we

might predict that dolphins could have problems with object constancy with aspect

dependent objects because each aspect of the object presents a different acoustic

structure. The changes in the waveforms and spectra of each of the geometric targets

with changes in orientation was demonstrated in Chapter 3 (e.g., Figures 3.1 - 3.3).
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Importantly, the number and distribution of highlights in the target echoes was shown to

change as orientation was manipulated. Thus, the broad distribution of inter-highlight

intervals for the geometric targets presented in Figure 5.7 clearly indicates that

orientation did indeed change while the dolphin was echolocating the targets. Thus, the

dolphin had the opportunity to perceive the effects of change in orientation on the echoes

of aspect-dependent target shapes. Experience with multiple views of an aspect

dependent object increases the likelihood that the object will be recognized (see

Nachtigall et aI., 1980). The results of this investigation show that the dolphin could

recognize the geometric objects even though orientation varied both within and across

trials. This is good evidence that dolphins can form stable representations of objects

regardless of orientation, and suggests that dolphins can use varying sensory properties to

recognize constant objects.

Pack & Herman (1991) and Harley et aI. (1991) showed in separate experiments

that dolphins could learn to match a sample object experienced in one modality with

comparison objects experienced in the different modality. This implies that the

representation formed by the dolphins was not intimately tied to the raw sense data

through which the target was perceived. In conclusion, the results of my investigation,

taken together with the results of the studies by Pack and Herman and Harley et aI.,

provide strong evidence that dolphins can learn to form representations of objects that are

not bound to the raw acoustic sense-data. Rather, dolphins appear to form object

centered representations that encode properties of the objects' identities across sensory

transformations.
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APPENDIX. DETERMINATION OF HIGHLIGHT STRUcruRE

Highlights were located using an algorithm written by the author using MicroSoft

QuickBasic Version 5.0. The code is presented below. The raw time-amplitude

waveform was rectified and smoothed with a running average with a width of 5 samples.

The running average was further smoothedwith a second running average. The point of

maximum amplitude max was located, which was used to set the search threshold at

(max/3). The algorithm searched forward along the smoothed rectified waveform until

the amplitude exceeded the threshold criterion. If a point was found that exceeded the

threshold, the algorithm then located the local peak by searching forward until the point

of local maximal amplitude was located. If no points of higher amplitude were located

within 10 sec, the local maxima was declared to be a highlight. The highlight was

counted, and its time of occurrence and amplitude were recorded. The algorithm then ran

forward until the amplitude fell below half the local maximum and the slope of the

amplitude was positive. The algorithm then began to search forward until the next super

threshold amplitude point was found, continuing this searching process to the end of the

smoothed amplitude function.



Highlight Algorithm

HiLite (click, xO, nhilites)

'operationally defines highlights and determines inter-highlight interval and relative
amplitudes

I rectify waveform _

FOR i = 1 TO npts
rx(i) =ABS(x(i»

NEXTi

I __ smooth with running avg ------------------
FOR i = 5 TO npts

sum e O
FORj =(i - 4) TO i

sum = sum + rxG)
NEXTj
runavg(i - 4) =sum /5

NEXTi
ERASErx
maxpt =-999
FOR i =5 TO (npts - 5)

sum e O
FOR j = (i - 4) TO i

sum = sum + runavgG)
NEXTj
ra2(i - 4) =sum /5
IF maxpt < ra2(i - 4) THEN maxpt = ra2(i - 4)

NEXTi
ERASE runavg

'--- locate highlights ---------------------------------
crit = maxpt / 3
maxht =0
nhilites =0

FOR i = 15 TO (npts - 15)
IF ra2(i) > crit THEN

j =i + 1
DO

higher:
IF ra2G) < ra2(i) THEN

maxpt =0
FOR x = G+ 1) TO G+9) , 10 JASec width

IF x > 256 THEN GOTO pau
IF maxpt < ra2(x) THEN

Z=X
maxpt = ra2(x)

END IF
NEXT x
IF maxpt > ra2G) THEN
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i=z
j=z+l
GOTOhigher

END IF
nhilites = nhilites + 1
time(nhilites) = i
height(nhilites) = ra2(i)
IF maxht < height(nhilites) THEN maxht =height(nhilites)
EXIT DO

END IF
i=j
j=j+1
IF j > npts - 5 THEN EXIT DO

LOOP
DO 'dictates lower bound of search

IF j = npts - 5 THEN EXIT DO
IF ra2(j - 1) < (height(nhilites) / 1.5) THEN EXIT DO
j=j+1

LOOP
DO 'must start on positive slope

IF j = npts - 5 THEN EXIT DO
IF ra2(j +2) - ra2(j) > 0 THEN EXIT DO
j=j+1

LOOP
i=j

END IF
NEXTi
, -- end highlight loop --------------------

, --- relative amplitude ------------------
FOR i = 1 TO nhilites

height(i) = height(i) / maxht
NEXTi

END
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