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The capability of an echolocating dolphin to discriminate differences in the wall thickness of 
cylinders (3.81 cm o.d. and 12.7 cm length) was determined by Au and Pawloski [J. Comp. 
Physiol. A 170, 41-47 ( 1992)]. The dolphin was required to discriminate a standard target from 
comparison targets of differing wail thicknesses. Performance varied from 96% to 56% correct 
depending on the wall thickness of the comparison targets. The 75% correct threshold was 
determined to be wall thickness differences of -0.23 mm for comparison targets with thinner 
walls and +0.27 mm for comparison targets with thicker walls than the standard. The dolphin 
performance was unchanged in the presence of artificial broadband masking noise until the 
echo-energy-to-noise ratio fell below approximately 15 dB. A counterpropagation artificial 
neural network was used to examine broadband echo features from the same cylinders. Features 
of the echoes were determined by passing them through a filter bank of constant-Q filters. Echo 
features of the standard and each comparison target were analyzed in pairs by a neural network 
having two output nodes. Twenty echoes per target were used in the training set and 30 
additional echoes per target were used in the test set. For the noise free condition, the network 
performed at a comparable level to the dolphin for Q values between 4 and 5. In the presence of 
noise, Q values between 7 and 8 were needed before the network could perform at a comparable 
level to the dolphin for echo-energy-to-noise ratios of 10 and 15 dB. Discrimination cues seem 
to originate from a shift in the spectra of the thinner comparison targets to lower frequencies and 
to higher frequencies for the thicker comparison targets. 

PACS numbers: 43.80.Jz, 43.80.Ka, 43.80.Lb 

INTRODUCTION 

Echolocating dolphins have demonstrated a keen ca- 
pability to discriminate, recognize and classify underwater 
targets (Nachtigall, 1980; Au, 1993). Comparable target 
discrimination capabilities have not been achieved with 
conventional sonar. Therefore, the use of artificial neural 
network to simulate the pattern recognition capability of 
the mammalian brain is attractive and may lead to the 
solution of problems that conventional AI and other meth- 
ods have had only limited success. Gorman and Sejnowski 
(1988) successfully applied a back propagation network to 
a sonar problgm classifying a metal cylinders and a cylin- 
dricaily shaped rock. Roitblat et al. (1989) were the first 
to apply an artificial neural network to emulate a dolphin 
performing a sonar recognition task. The dolphin was in- 
volved in a delayed matching-to-sample task in which it 
was required to discriminate between a stainless-steel 
water-filled sphere, a solid aluminum cone and two water- 
filled plastic cylinders of the same length but different di- 
ameter. Echoes from the targets were first collected in a 
test pool using a simulated dolphin sonar signal as the 
incident signal. The echoes were then passed through a 
filter bank consisting of 20 constant interval bandpass fil- 
ters, each having a bandwidth of 5 kHz. The amplitude of 
20 bandpass filters were used as inputs to the network and 
the performance of the network was perfect with these 
echoes. A directional hydrophone was then used to collect 

echoes from the targets as the dolphin performed the sonar 
task. The counterpropagation network performed at a 97% 
correct level when selective "natural echoes" resulting 
from the dolphin's sonar emissions were used. A backprop- 
agation network with 20 input units was also used with the 
"natural echoes" and performed at the same 97% correct 
level as the counterpropagation network. 

Moore et al. (1991) extended the work of Roitblat 
et al. (1989) by developing an integrator gateway network 
to process consecutive rather than selective "natural ech- 
oes" with the dolphin performing the matching-to-sample 
task. The integrator gateway network consisted of a pre- 
processor unit and a backpropagation network. The gate- 
way preprocessor unit determined the running average of 
30 constant-frequency bandpass filters for consecutive ech- 
oes. The network was trained with six sets of ten successive 

echoes selected from the ends of randomly chosen echo 
trains. Two sets of echoes were chosen for each of three 

targets (large tube, sphere, and cone). The complete set of 
1335 sequential echoes was presented to the trained net- 
work and the network was allowed to classify each echo 
train. The results were determined in term of "confidence 
ratio" defined as the ratio of the activation level of the 
correct classification unit versus the totai activation level of 

the three classification units in the output layer. Overall, 
the dolphin's performance was better than the network, 
which achieved correct classification performance between 
90% and 93%. However, the network tended to make cot- 
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FIG. 1. Experimental geometry with the measurement transducer 
mounted on the dolphin's pen, 6 m from the targets. 

rect classifications with fewer echoes than the dolphin. 
In the study of Roitblat et al. (1990) and Moore et al. 

(1991), the dolphin's task was not difficult; the animal's 
average performance was 94.5% correct. The discrimina- 
tion task in this study was considerably more difficult with 
the dolphin's accuracy varying from 96% to 53% correct. 
The dolphin was required to discriminate wall thickness 
differences of hollow cylinders by echolocation (Au and 
Pawloski, 1992). A standard cylinder of 6.35-mm wall 
thickness was compared with cylinders having wall thick- 
nesses that differed from the standard by 4-0.2, 4-0.3, 
-4-0.4, and +0.8 mm. All cylinders had an o.d. of 37.85 
mm, and a length of 12.7 cm. The standard and a compar- 
ison target, separated by an angle of 22', were presented 
simultaneously at a range of 8 m and the dolphin was 
required to indicate the location of the standard target. The 
standard target was paired with a different comparison tar- 
get for ten consecutive trials apiece. The experiment was 
conducted in both the free field and in the presence of 
broadband masking noise. 

A counterpropagation artificial neural network was 
used to examine the broadband echo features from the 

same cylinders used in the dolphin experiment. Features of 
the echoes were determined by passing them through a 
bank of constant-Q filters (the ratio of the center frequency 
and bandwidth of each filter is the same). Constant-Q fil- 
tering was chosen because the dolphin's auditory system 
may be modeled as a bank of constant-Q filters (Johnson, 
1969). The objectives were to: (l) determine if a counter- 
propagation network could discriminate the target echoes 
using features from a eonstant-Q filter bank, (2) compare 
the performance of the counterpropagation network with 
that of the dolphin, and (3) determine Q values need by 
the network for comparable performance as the dolphin. 

I. PROCEDURE 

Echoes from each of the targets used in the dolphin 
experiment of Au and Pawloski (1992) were measured 
with a monostatic echo collection system using a planar 
transducer to project and receive the acoustic signals. The 
transducer was mounted on the dolphin's pen located in 
Kaneohe Bay, Oahu, Hawaii, as shown in Fig. 1. Mounting 
the transducer on the dolphin's pen was done so that the 
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FIG. 2. Waveform and spectrum of the projected simulated dolphin echo- 
location signal. 

target measurements would be made in the same environ- 
ment and 'under similar conditions as tbr the dolphin. The 
most important effect of the environment consisted of pen 
and target motion caused by wind and waves. The pole 
supporting the transducer was aligned vertically and at- 
tached to 'the pen, with the transducer pointed directly at 
the target. Each target was suspended with a line in such a 
manner that its longitudinal axis was vertically aligned. 
With this geometry, the incident signal was nearly perpen- 
dicular to the longitudinal axis of the cylinders. The dis- 
tance between the transducer and target was approxi- 
mately 6 m. A simulated dolphin signal (Fig. 2) was 
projected at the targets and a Data Precision Data-6000 
waveform analyzer operating at a sample rate 1 mHz was 
used to digitize the echoes with a resolution of 16 bits. 
Each echo consisted of 1024 digitized points which was 
stored on computer disk. Five disk files, each file consisting 
of ten consecutive echoes collected at a rate of five echoes 

per second., or 50 total echoes were collected for each tar- 
get. 

Target features were determined by passing each echo 
through a bank of N contiguous constant-Q filters. The Q 
of a filter is defined as 

O=fe/Af, (1) 

where f0 is the center frequency and Af is the bandwidth. 
The center frequency of the ith filter is equal to 
(fi+•+f[)/2, and the bandwidth is equal to fi+t--fi, 
where f•+ :t is the upper frequency limit and f• is the lower 
frequency limit. From Eq. (1), the frequency boundaries 
of the ith constant-Q filter can be expressed as 

2Q+ 1 

fi+l -'2Q- 1 fi' (211 
Let ft•= the upper frequency of the Nth filter and ft = the 
lower frequency of the 1st filter of a bank of constant-Q 
filters, then from Eq. ( 1 ) the relationship between fe and 
fc can be expressed as 
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ft• /2e+l•'V ß (3) 
For a specific Q, three parameters can be varied, fœ, fa, 
and N. A frequency of 150 kHz was used for fv to coin- 
cide with the bottlenose dolphin upper frequency of hear- 
ing (Johnson, 1968). The lowest frequency was chosen so 
that, fL>62 kHz. For frequencies < 62 kHz, the energy in 
an echo was at least 30 dB down from the peak. For a 
desired Q, N was chosen so that fL was as close to 62 kHz 
as possible (N was always 1 less than Q, for integer values 
of Q<9). 

The energy output of each filter was determined by 
first calculating the fast Fourier transform (FFT) of each 
1024-point echo, resulting in a discrete frequency spectrum 
defined at frequency intervals (bins) of 976.6 Hz. The 
boundaries of the constant-Q filters were determined with 
Eqs. (2) and (3), and the energy of the ith filter was 
calculated using the following equation 

Ei= [S(f ) [2df, (4) 
i--I 

where E i is the energy of the. ith filter and S(f ) is the FFT 
of the echo. Values of the spectrum for constant-Q filter 
boundaries between the "discrete FFT frequency points 
were obtained with a cubic spline interpolation algorithm. 
Therefore, the features or exemplars of an echo consisted 
of the energy from each filter in the c6nstant-Q filter bank 
normalized to the output of the filter with the maximum 
energy. 

The counterpropagation neural network first devised 
by Hecht-Nielson (1987), was simulated by the Neural 
Works Professional II Plus program from Neural Ware, 
Inc. The network consisted of an input layer of N neurons 
or processing elements (PE's), a normalizing layer of 
N+ 1 elements, a Kohonen layer of N elements and a 
Grossberg output layer with two elements each represent- 
ing a specific category of targets. Echoes associated with 
the standard target were paired with echoes from each 
comparison target. 

Target features determined by the constant-Q filter 
bank were directed to the input layer of the network which 
buffered the input to the normalizing layer. The normaliz- 
ing layer normalized the input vectors so that they laid on 
a hypersphere of constant radius before being transferred 
to the third, or Kohonen layer. Each unit in the normal- 
izing layer also served a fan-out role to connect it with 
every PE in the Kohonen layer through a separate weight. 
The output of each Kohonen neuron was the weighted sum 
of its inputs. The Kohonen unit with the largest output was 
set to 1 and its weights adjusted by some fraction (defined 
by the learning rate parameter) of the difference between 
each weight and the value of the corresponding normalized 
input, making the weights more closely approximate the 
input. The outputs of the other Kohonen neurons were set 
to 0 and their weights were not adjusted. Therefore, the 
Kohonen layer served a "winner-take-all" function and ba- 
sically classified the input vectors into similar grouping by 
adjusting its weights so that similar input vectors activated 

the same Kohonen neuron. The training involved a self- 
organizing algorithm that operated in an unsupervised 
mode. The outputs of the Kohonen layer were connected 
to a Grossberg outstar layer containing two PE's, one for 
each of the two input targets. The desired output of this 
layer was 1 for the PE representing the input target, and 0 
for the other PE. This layer learned connections between 
its PE's and the PE's in the Kohonen layer in such a way 
as to map the set of winners in the Kohonen layer to the 
desired output. During training, the PE's in the Grossberg 
outstar used the Widrow-Hoff learning rule to adjust their 
weights, mapping the partitioned regions of the feature 
space described by the PE's in the Kohonen layer into the 
desired categories. 

Features from twenty echoes for each target were used 
for the training set and features from the remaining 30 
echoes of each target were used for the test set. The targets 
were considered in pairs, with the standard target paired 
off with different comparison targets. Training was per- 
formed in two stages, first in the Kohonen layer for a 
predetermined number of iterations, and then in the Gross- 
berg 0'utstai' layer. The number of iterations required for 
training depended on the learning rate parameter and the 
similarity between the echoes of the standard target and 
the specific comparison target. In this study, the default 
number of iterations and learning rate parameters provided 
by Neural Ware for training the Kohonen layer were used. 
Three thousand iterations divided in three increments of 

1000 iterations each were used in training the Kohonen 
layer, with the learning rate coefficients made progressively 
smaller in the 2nd and 3rd increments. Training of the 
Grossberg outstar layer started immediately upon comple- 
tion of the 3000 iterations used to train the Kohonen layer. 
Training continued until the rms output error fell below 
0.001. Typical training required between 3100 and 5000 
iterations. The network's capability to discriminate the 
standard from each comparison target was determined for 
different values of Q and N: 

The performance of the network with noisy data was 
determined by first adding a different burst of Guassian 
random noise to each target echo. The noisy echo was then 
passed through the constant-Q filter bank and the energy of 
each filtered was calculated. A noise burst was created by 
passing white noise through a cosine taper window (Otnes 
and Enochson, 1978) having a half-power width of 264 
A width of 264/•s was chosen to correspond to the dol- 
phin's integration time of 264/zs determined by Au et al. 
(1988). 

II. RESULTS 

A. Neural network 

The performance of the counterpropagation network 
for the free-field echoes and Q values of 4 and 5 are shown 
in Fig. 3, along with the dolphin's performance. The num- 
ber of filters, N, was equal to Q- 1 because of the specific 
upper and lower frequency limits chosen for the filter bank. 
The network's performance for a Q of 4 was not as good as 
the dolphin when comparing the standard target with the 
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FIG. 3. Target discrimination results in the fr•-field for the neural net- 
work (open circles) using different constant-Q values and for the dolphin 
(closed circles). 

--0.3- and --0.2-mm comparison targets. However, for a 
Q of 5 the network's performance was better than the dol- 
phin for almost all of the thinner comparison targets. For 
the cases involving the thicker comparison targets, the re- 
sults were slightly mixed. For a Q of 5, the network per- 
formed better than the dolphin when comparing the stan- 
dard with the 0.3- and 0.2-ram thicker targets, and slightly 
worse for the 0.4- and 0.8-ram thicker targets. However, 
for a Q of 4, the network did poorer than the dolphin when 
comparing the standard target with the 0.3-, 0.4-, and 
0.8-ram thicker comparison targets. These results indicate 
that, a constant-Q filter bank consisting of four filters each 
having a Q of 5 produced target features that allowed the 
network to perform as well as the dolphin in discriminating 
between the standard and comparison targets. The net- 
work results in Fig. 3 departed slightly from a monotonic 
decrease with decreasing wall thickness differences. These 
departures may have been caused by ping to ping varia- 
tions in the echoes, which in turn may be attributed to 
motion of the pen and targets caused by wind and wave. 
Environmental noise was not a factor since the echo signal- 
to-noise ratio was very high. 

The performance of the network after noise was added 
to the echoes is shown in Fig. 4 for signal-to-noise ratios of 
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FIG. 4. Target discrimination results in noise for the neural network 
(open circles) and for the dolphin (closed circles). The averag•l •eho 
energy flux density to noise spectral density ratio is given on each graph. 
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FIG. 5. Echoes from the standard cylinder and the comparison cylinder 
that was 0.2-mm thinner than the standard cylinder. The waveforms are 
shown in the top portion of the figure and the frequency spectra in the 
bottom portion. In the spectral plot the solid line is for the standard target 
and the dashed line is for the comparison target. 

15 and l0 dB. Only the thinner targets were used in this 
study and the dolphin experiment (Au and Pawloski, 
1992). For a Q of 8 and a signal-to-noise ratio of 10 dB, the 
network performed better than the dolphin in discriminat- 
ing the standard target from all the comparison targets. 
When the signal-to-noise ratio increased to 15 dB, the net- 
work performed better than the dolphin except for the 
--0.2-mm comparison target. For a Q of 7 and a signal-to- 
noise ratio of 10 dB, the network generally performed bet- 
ter than the dolphin. When the signal-to-noise ratio in- 
creased to 15 dB the network was generally worse than the 
dolphin. The performance of the network did not improve 
much with the increased signal-to-noise, however, the dol- 
phin's performance improved significantly when the signal- 
to-noise ratio increased from 10 to 15 dB. 

B. Spectral cues 

Examples of echoes from the standard and the 
4-0.2-ram comparison targets are shown in Figs. 5 and 6. 
Small differences in the spectra for the comparison target 
(dashed line) compared to the standard target can be seen. 
The spectrum of the --0.2-ram comparison target seemed 
to be shifted slightly toward the left (toward lower fre- 
quencies) of the spectrum for the standard target. The shift 
in the spectrum of the comparison targets can be best seen 
by observing the nulls in the spectra for frequencies be- 
tween 100 and 140 kHz. The spectrum of the +0.2-ram 
comparison target seemed to be shifted slightly toward the 
right (toward higher frequencies) of the spectrum for the 
standard target. 

The shift in the position of the nulls and peaks in the 
spectra of the comparison targets can be explained by con- 
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FIG. 6. Echoes from the standard cylinder and the comparison cylinder 
that was 0.2-ram thinner than the standard cylinder. The waveforms are 
shown in the top portion of the figure and the frequency spectra in the 
bottom portion. In the spectral plot the solid line is for the standard target 
and the dashed line is for the comparison target. 

sidering the backscatter process depicted in Fig. 7. The first 
highlight is the result of reflection from the front wall of 
the cylinder and the second highlight is the result of the 
signal propagating through the target and reflecting off the 
interior back wall, propagating along the central path. 
Hammer and Au (1980} have demonstrated that the first 
two highlights of echoes from similar wall thickness cylin- 
ders will effectively dominate the shape of the spectrum. 
Therefore the spectrum can be approximated by consider- 
ing a two highlight echo, which can be expressed as 

e(t) =s(t) +k.s(t--r), (5) 
where s(t) is the first highlight, s(t--r) is the second high- 
light multiplied by a constant k which is less than 1, and r 
is the time difference between the first and second high- 

PLANE 
WAVE 

FIG. 7. Schematic showing the cross section view of a cylinder and the 
path of incident acoustic signal along with the central and square reflec- 
tion paths within the target. 

lights. The second highlight, s(t--r) is exactly the same as 
s(t) but occurs at a delay time r. The Fourier transform of 
Eq. (5) can be expressed as 

E(f ) =S(f ) +e-J2rrf*$(f ), (6) 
where E(f } is the Fourier transform ore(t) and $(f } is 
the Fourier transform ors(t}. Both E(f } and S(f ) are 
complex, having real and imaginary parts. The exponential 
term is the result of the shift theorem in Fourier analysis. 
Expanding the exponential term into cos and sin terms, the 
frequency spectrum of e(t) can be expressed as 

[ • Is(t) +as(t-- r) ] [ = x/1 + a 2 + 2a cos (2rrfr) I$(f ) l, 
(7) 

where • is the Fourier transform operator. The spectrum 
of the two highlight signal represented by Eq. (7) will have 
nulls when cos(2rrfr)=- 1, which will occur at frequen- 
cies of 

f.u,= (2n-- 1)/2r, (8) 
where n= 1,2,3 .... indicate the 1st, 2nd, 3rd, etc, null. Sim- 
ilarly, the spectrum will have peaks when cos(2rrfr)= 1, 
which will occur at frequencies of 

fp•ak = (n-- l )/r. (9) 
From Fig. 7, the time between the front wall reflection and 
the reflection off the inside back wall of the cylinder can be 
expressed as, 

th (o.d.--2 th) 
r=2 --+2 (10) Cl C O ' 

where th is the wall thickness and o.d. is the outer diameter 
of the cylinder, c] is the sound velocity in the aluminum 
wall and c o is the sound velocity of water. With Co---= 1530 
m/s and c1=5150 m/s (Kinsler etal., 1982), •'=35.3/•s 
for the standard target. For targets used in this study, 
o.d.),th, so that the second term in Eq. (10) will be much 
larger than the first term because c• is about four times 
greater than c o . Therefore, from the equation we can see 
that as wall thickness decreases, r increases so that from 
Eqs. (8} and (9) the nulls and peaks will shift to lower 
frequencies causing the spectrum of the thinner targets to 
appear to be shifted toward lower frequencies. Conversely, 
as wall thickness increases, r decreases so that the nulls 
and peaks shift to higher frequencies causing the spectrum 
of the thicker targets to also appear shifted toward higher 
frequencies. 

The shift in the spectra of the comparison targets will 
cause the energy detected by some or all of the constant-Q 
filters to be different for the comparison and standard tar- 
gets. The average and standard deviation of the relative 
energy in each constant~Q filter for a Q of 5 and an N of 4 
is shown in Fig. 8 for all of the targets. Similarly, the 
relative energy in each constant-Q filter for the situation 
depicted in Fig. 4 and a signal-to-noise ratio of 10 dB is 
shown in Fig. 9. Target echoes from both the training and 
test sets were used in obtaining the information shown in 
Figs. 8 and 9. The difference in the energy distribution 
between the standard and any of the comparison targets 
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FIG. 8. The mean and standard deviation of the relative energy in each 
constant-Q filter for the fre•-field condition. A filter bank with a Q of 5 
and 4 filters is represented. 

can be observed in both figures. On the whole, the energy 
distributions of the comparison targets with wall thickness 
closest to the standard were most similar to that of the 

standard target. 

C. Euclidean distance measure 

The wall thickness difference discrimination can be 

performed by other methods using frequency domain fea- 
tures. A simple and straight forward technique involves the 
use of a Euclidean distance measure to determine the sim- 

ilarity between the standard and comparison targets 
(Chestnut eta!., 1979). Let Es(i) be the normalized en- 
ergy in the ith filter averaged over all the standard target 
echoes in the training set, where i= 1,2,...,N. Let E½(i) be 
the corresponding energy for a comparison target in the 
test set and j be the index of the jth echo in the test set of 
M echoes. The Euclidean distance measure dj of the jth 
comparison echo is defined as 

di= • [•',(i)--E½(i)] •. (11) 
i=1 

For a specific comparison target, the smaller the value of d/ 
the more similar the comparison target is to the standard 
target. Conversely, the larger d j, the more dissimilar the 
comparison target is to the standard target. There will be 
M values of d/associated with each comparison target. It 
should be noted that the Euclidean distance measure is also 

used in the Kohonen layer of the counterpropagation net- 
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FIG. 9. The mean and standard deviation of the relative energy in each 
constant-Q filter for a signal-to-noise ratio of 10 dB. A filter bank with a 
Q of 8 and 7 filters is represented. 

TABLE I. The mean and standard deviation of the Euclidean distance 

measure describing the similarity between the echoes for the standard 
target in the training or learn set and the echoes for the standard and 
comparison targets in the test set. 

I THINNER COMPARISON TARGET No Noise 

$1•esmil•rd I -0.2 mm -0.3 mrrl I -0'4 mm .0.8 mm 
[T•rlrn arcl 0.16+-0.07 0.10 + 0.07 0.29+-0.08 034+0.09 022+0.07 

I THICKER COMPARISON TARGET 

fTe•m clara 0.16+-0.07 0.23 + 0.04 0.40+-0.07 0.41+-0.0• 0.42+-0.02 

THINNER COMPARISON TARGET ] SNR = 10 dB 
Stanera J I / o = s 

{!test) -0.2mm-O.3mm.O.4mm .0.8ram iN=7 
iT•rm arcl 0.14+-0.07 0.21+-0.11 0.34+-020 049+-0.19 0.84+0.19 

work, to determine the difference between the stored 
weights of each Kohonen PE with the input features 
(Hecht-Nielsen, 1990). 

The mean and standard deviation of the Euclidean 

distance measure between the standard and each compar- 
ison target in the test set is shown in Table I, for a Q of 5 
with no masking noise, and a Q of 8 with a 10-dB signal- 
to-noise ratio. The results indicate that as the wall thick- 

ness difference between the standard and comparison tar- 
gets increased the Euclidean distance measure also 
increased, except for the --0.8-mm thinner target. The 
standard target can be differentiated from the comparison 
targets provided a good threshold value for d is chosen. 

III. DISCUSSION AND CONCLUSIONS 

The results indicate that in this particular study a 
counterpropagation network can discriminate target ech- 
oes as well or better than a dolphin, by using spectral cues 
obtained by processing the echoes with a bank of 
constant-Q filters. We will now compare the Q values 
needed by the network with that of the dolphin. Johnson 
(1969) measured the critical ratio of Tursiops truncatus at 
different frequencies between 5 and 100 kHz. Au and 
Moore ( 1990} augmented the critical ratio data of Johnson 
by measuring the critical ratio of Tursiops for frequencies 
up to 140 kHz. They also measure the critical bandwidth of 
the dolphin at 30, 60, and 120 kHz. The critical ratio and 
critical bandwidth measurements represent different esti- 
mates of the handwidth of a mammalian auditory system. 
The results of both studies are shown in Fig. 10, with the 
data fitted to constant-Q curves having the least-mean- 
square error. The critical ratio data was fitted with the 
Q= 12.5 curve and the critical bandwidth data was fitted 
with the Q= 2.2 curve. 

The Q values required by the counterpropagation net- 
work in order to perform as well as the dolphin are larger 
than the Q represented by the critical bandwidth estimate 
but smaller than the Q represented by the critical ratio 
estimate. The critical bandwidth measure may be more 
appropriate in an auditory discrimination task. The intel- 
ligibility of speech sounds by humans have been found to 
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FIG. 10. Values of critical ratio (Johnson, 1969; Au and Moore, 1990) 
and critical bandwidth (Au and Moore, 1989) for Tursiops truneatus. The 
data are fitted to constant-Q curves having the least-mean-square error. 

be related to critical bandwidth (C elmer and Bienvenue, 
1984; Bienvenue and Celmer, 1985). Speech signals with 
bandwidth less than a critical band were not as intelligible 
as speech signals with bandwidth equal to or greater than 
a critical band. If critical bandwidth is a more accurate 

estimate of the dolphin's auditory filter while discriminat- 
ing sonar echoes, then the neural network required filters 
with a higher Q than the dolphin, suggesting that the dol- 
phin may be able to process the echoes with broader filters. 
However, this line of reasoning is highly speculative and 
what is required is a knowledge of the shape of the dol- 
phin's auditory filter. Nevertheless, it is reassuring that the 
Q values required by the network are within the two filter 
bandwidth estimates. 

The network required more filters with higher Q val- 
ues when discriminating echoes in the presence of masking 
noise. The Q increased from five in the noise-free case to 
eight in the noise case with the number of filters increasing 
from four to seven. This was not the case for the dolphin. 
Since the dolphin emitted signals that were on the average 
only 10-dB higher in amplitude when masking noise was 
used (Au and Pawloski, 1992}, the difference in the echo 
levels with and without masking noise, should not be suf- 
ficiently great to change the dolphin's filter bandwidth. The 
echo level for a target having a --20-dB target strength 
located 8 m away will be approximately 57 dB below the 
level of the emitted signal. Weber (1977) and Lutfi and 
Patterson (1984} found that filter width in humans pro- 
gressively broadens with signal level when the signal am- 
plitude was above a relatively high level. Below this level, 
the filter width is relatively independent of signal level. 
Since the echo levels for the dolphin were not very high it 
is reasonable to assume that the dolphin's filter bandwidth 
remained essentially the same when masking noise was 
present and absent. 

The fact that network required more filters with higher 
Q's when discrimination targets in noise coupled with the 
likelihood that the dolphin's filters did not change in the 
presence of masking noise, suggest that the dolphin may be 
using both time domain and spectral cues. Although the 
target discrimination could be achieved by using only spec- 
tral cues originating from the shift in the spectra of the 

comparison targets, it seems reasonable that the dolphin 
would utilize whatever available cues and the combination 

of temporal and spectral information would maximize the 
efficiency of the discrimination process. One way of obtain- 
ing temporal-spectral information for a neural network is 
to convolve the echo signals with each constant filter and 
determine the energy in the temporal output of each filter. 

The small number of relatively broad filters (N=4 and 
Q= 5) required by the counterpropagation network in this 
study is surprising in light of the 20 constant bandwidth (5 
kHz) filters used by Roitblat et at (1989) and 30 constant 
bandwidth (3.9 kHz) filters used by Moore et al. (1991). 
Furthermore, the discrimination task was relatively easy in 
the study of Roitblat et al. (1989) and Moore et al. ( 1991 ) 
since the dolphin performed at the 94.5% correct level. 
For the targets used in this study, the dolphin's perfor- 
mance varied from 96% to 53% correct. The results ob- 

tained here certainly suggest that a smaller number of con- 
stant bandwidth filters could probably have been used in 
the other studies. However, there is one important differ- 
ence between this and the other studies. In this study sim- 
ulated, rather than actual dolphin echolocation signals 
which were the same from ping to ping were used to mea- 
sure the target echoes. This is not the case when using 
"natural" echoes since the dolphin, being a biological en- 
tity and not a computer-controlled hardware system, will 
emit signals having slightly different frequency spectra 
from click to click. Furthermore, the echo waveform will 
be affected on any given ping by the specific animal-target 
orientation. 

Caution must be taken in attempting to directly com- 
pare a dolphin's sonar performance in discriminating tar- 
gets with that of a neural network. Although the counter- 
propagation network could perform as well as the dolphin, 
the filter bank had to have a higher Q than the dolphin. 
Furthermore, the network had a relatively simple task of 
sorting 50 echo pairs in files that were already time win- 
dowed so that only target echoes were present. The dolphin 
had a more complex task of echolocating the targets, ig- 
noring irrelevant echoes, determining the proper time win- 
dow, remembering echo characteristics, as well as report- 
ing to the experimenter. A better comparison would 
consist of a sonar system performing the discrimination 
task in real time, operating either simultaneously or in the 
same environment as the dolphin. Nevertheless, the results 
of this study indicate that the use of neural network tech- 
nology may be a good technique in obtaining a better un- 
derstanding of the dolphin sonar system and could provide 
insights as to the different cues available for target discrim- 
ination. 
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