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  Dolphins that emit whistle signals (except for sperm whales) project short broadband biosonar clicks containing about 5 to 7 cycles with
exponential decaying envelope and Q (center frequency over bandwidth) between 2 and 3. The broadband nature of the biosonar clicks allow
for good temporal resolution of echo highlights which in turn allows for the discriminations of different targets including fish prey. Most of the
echoes from fish originate from signals reflecting off the swim bladder of fish. Different species of fish have swim bladders of different shapes,
sizes and orientations so that echoes from these species can often be discriminated from the temporal cues. The echoes contain many highlights
as the signals reflect off different surfaces and parts of the fish body and swim bladder. This presentation discusses the temporal characteristics
of echoes from fish prey that are highly aspect dependent and the seven temporal parameters that were used in a support vector machine (SVM)
to discriminate between species. Results suggest how dolphins can classify fish based on their echoes and provide some insight as to which
features might enable the classification.
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1. Introduction 
The biosonar signals of dolphins are short and broadband. Typical signals contain about 5 to 7 
cycles with exponential decaying envelope and Q (center frequency over bandwidth) between 2 
and 3. These signal have very good temporal resolutions on the order of 13 – 20 µs. When 
biosonar signals intersect fish prey, the echoes contain many resolvable highlights that can be 
used to discriminate the species of the fish (Au et al., 2009). While there are very little 
observations of dolphins performing selective foraging of fish prey, the fish eating killer whales  
(Orcinus orca) that frequent the waters of British Columbia and Washington State have a strong 
preference for Chinook or King salmon (Oncorhynchus tshawytscha). Ford and Ellis (2006) have 
found that even in months when Chinook may constitute less than 10% of the salmon population, 
the whales still forage mainly for Chinook salmon. From about mid September through October, 
when the density of Chinook is very low, the whales will switch to chum salmon (Ford and Ellis, 
2006). Visual observations of the behavior of foraging killer whales strongly suggest that they 
depend on echolocation to detect and recognize their prey. They are often observed swimming 
close to the surface seemingly searching for prey. Then they would submerge and come up 
approximately 50 to 100 m away with a Chinook salmon in their mouths, suggesting that at the 
time of submersion, a prey was detected and recognized. After observing this behavior time and 
time again over several years involving many different individuals, the use of echolocation 
seems unequivocal. 

Au et al., (2010) examined the backscatter from salmon caused by simulated killer 
whale biosonar signals and found that different species had different echo structures that can 
provide cues for species identification. Three species were examined, Chinook, Coho and 
Sockeye salmon. Examples of the echo structures for Chinook and coho salmon are shown in Fig. 
1. The incident signal was a short (100 µs) simulated killer whale signal with a peak frequency 
of 55 kHz and a Q of 2.9. The difference in the echo structure is due to the differences in the size, 
shape and orientation of the swimbladder (Au et al., 2010). The data shown in Fig. 1 was 

Head

45o

90o

135o

Tail

Head

45o

90o

135o

Tail

Chinook Salmon Coho Salmon

N
or

m
al

iz
ed

 A
m

pl
itu

de

Time (ms) Time (ms)
0 1 0 1

Fig. 1.  The normalized echo waveforms for a Chinook salmon and a coho salmon at different aspect angles 
of the fish. 
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obtained with the transducer and the fish subject at the same depth. The head aspect is the case in 
which the fish is “looking” directly at the transducer. The results shown in Fig. 1 indicate that the 
echo structure is dependent on the aspect angle of the salmon and that the two salmon  
species have different echo structures at a given aspect angle. Unfortunately the data for sockeye 
salmon for a zero degree elevation angle (same as in Fig. 1) were corrupted. 

The objective of this presentation is to determine if Chinook salmon can be 
discriminated from coho salmon based on time-domain cues from the backscattered results.  
Although the backscattered echoes can be represented in both the time and frequency domains 
and both representations would be equivalent, there are cues present in the time domain that 
would not necessarily be present in the frequency domain and vice versa.   
 
2. Approach 

The same temporal parameters used by Muller and Kuc (2000) to examine bat echolocation 
around foliage and by Yovel and Au (2010) to examine the discrimination of fish species by 
echolocating dolphins will be used with one exception. The 7 parameters used were determined 
from the envelope of each echo computed via the Hilbert transform. Let                     
Xdi =Xi −X , where 

iX is the amplitude of the echo envelope at the ith point and X  is the average 
value of 

iX , the following temporal parameters were used: 
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the crest factor (the ratio between the peak amplitude and the root mean square) 
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the parameters A, b, and τ that would allow for best the exponential fit to the echo envelope 
      )( τ−− ixbeA ,          (4) 
and the number of highlights in the echo envelope, which was used instead of the 4th moment in 
Yovel and Au (2010).  In order to determine the number of highlights, the echo envelope was 
converted to a dB scale and the envelope was smoothened with a 50 point moving average. Only 
peaks that were within 15 dB of the maximum value were included as highlights. 

The simulation was conducted on backscattered echoes from three Chinook and three 
coho salmon. Echoes were measured from 0o to 360o angles, with approximately 0.9o-1.2o 
increments. Approximately 1/3 of the echoes were used to train the classifier, and the remaining 
ones were used in the testing. The 1:2 ratio between the training and testing samples ensured that 
the classifier was not to be over-trained on a specific dataset and not to provide artificially high 
classification rates on the test data. The training echoes consisted of every third measurements 
from 0 to 360 degree angles, thus the separation between two adjacent training echoes was 
approximately three degrees. From all the six fish subjects, the number of training echoes was 
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330 for Chinook and 312 for coho. The remaining 656 of Chinook echoes and 623 of coho 
echoes were used in the testing. The values of these parameters were of considerably different 
magnitudes. For example, a typical 2nd moment factor was of 107 scales, and a 3rd moment factor 
was of 10-6 scales. Therefore, the parameters were normalized to [0, 1] for each dimension. 

The algorithm used for the classification is called the Support Vector Machine (SVM) 
classifier. The SVM classifier solves an optimization problem by separating data samples of two 
classes with a hyperplane. In its dual form (Schlkopf and Smola, 2001), the support vectors αi , 
i =1,2,...,n  define the hyperplane, which is optimized by maximizing the following equation: 

                                  L(α) = αi
i=1

n

∑ −
1
2

αiα j yiyjk(xi, x j )
i, j
∑ ,                                                 (5) 

subject to the constraints: 

                                              0 ≤αi ≤Constant, and αi yi
i=1

n

∑ = 0 . 

In Eq. (5), yi ∈ {−1,1}  are the class labels, xi is the 7-dimentison vector of the ith training signal, 
and the function k represents the kernel function which projects the training vector onto the 
feature space of the hyperplane. The kernel function used in this study was the Gaussian kernel: 

                   k(xi, x j ) = exp(−
xi − x j

2

2σ 2 ).                                                         (6) 

The hyperplane that separates the two classes is given by a weight vector w. The classification 
decision for a test sample is based on the sign of its product with w: 

y = sign(wT x).                                                                    (7) 
The weight vector is calculated through a linear combination of the training vectors: 

w = αi yixi
i=1

n

∑ .                                                                       (8) 

The 7-dimention vectors of test samples were substituted into Eq. (2). The echo was assigned to 
class  (Chinook) positive values; otherwise it was assigned to class  (coho). 
 
3. Results 

The training data ranged from 0o to 360o, and the algorithm assumed that certain generalized 
features can be “learned” from echoes measured from different angles. The SVM classifier gave 
an overall classification rate of 86%, with 91% of the Chinook signals and 81% of the coho 
signals correctly classified. The high performance supported the existence of features in the form 
of the weight vector w in Eq. (2). However, the small sample size with only three fish subjects 
from each species limited our capability from further validating this hypothesis.  

The accuracy of the algorithm fluctuated as echoes from different angles were tested. 
Figure 2 shows the classification rate as a function of the angle in which the echoes for the test 
samples are measured. Each point on the graph represents the percentage of test samples within a 
ten-degree interval that have been correctly classified. The highest classification rates were 
obtained at 140o-150o (95%) and 300o-310o intervals (97%). The lowest results were within the 
30o-80o, 110o-120o, and 240o-250o intervals with their classification rates below 70%. 
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Fig. 2. The classification rate between Chinook and coho salmons as a function of incident angle. The total 
classification rate was 86%.  
 

Table 1 shows the weight vector w assigned to each dimension of the time series 
parameters. The crest factor and the time delay τ were the highest weighted parameters. They 
were followed by the number of highlights, the other two parameters of the exponential fitting (A 
and b), and the 3rd moment. The 2nd moment had the lowest contribution to w. The 4th moment 
were followed by the number of highlights, the other two parameters of the exponential fitting (A 
and b), and the 3rd moment. The 2nd moment had the lowest contribution to w. The 4th moment 
was used during the initial training of the classifier, however its contribution was negligible 
hence it was removed to reduce complexity of the algorithm. 
 
Table 1. The SVM weight vector w assigned to each dimension of the time series parameters.  

Parameter 2nd 
Moment 

3rd 
Moment 

Crest 
Factor 

A b τ No. of 
highlights 

Weight 0.06 0.13 0.66 0.13 0.11 0.69 0.19 

 
 

4. Discussion and Conclusions 
The results obtained in this study indicate that discrimination of echoes from Chinook and coho 
salmon can be done using only time-domain cues. Killer whales may also be using primarily 
time-domain cues. The results also suggest that at some angles the discrimination is very 
accurate (above 95%) and at some angles the discrimination is poorer.  In a natural environment, 
the predator-prey geometry will constantly change from ping to ping so that a foraging killer 
whale examine a salmon at multiple aspects and can make its decision based on returns from the 
best aspects as the predator-prey geometry changes dynamically. 

The backscattered data were collected with the salmon at a depth of 1.5 m. Salmon are 
physostomes with a pneumatic duct connecting the swimbladder to the digestive tract so that 
geometry of the swimbladder would compress with depth. However, there is a distinct possibility 
that species-specific differences in the shape, size and volume of the swimbladder of salmon may 
still exist at depth. If this happens, the differences in echo structure close to the surface and at 
depth may be preserved to a certain extent. This issue is still an open question and further work 
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is necessary to determine the dynamic behavior of the swimbladder at different ambient 
pressures. 

This study was limited by the small number of fish subjects available. The performance 
of the SVM would most likely improved by having a much larger data set.  
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